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Abstract 
It is important to develop reliable Finite Element (FE) models for real structures not 
only in the design-phase but also for the Structural Health Monitoring (SHM) 
including damage detection and deterioration assessment of existing infrastructure 
systems.  Among existing model updating approaches, deterministic sensitivity-based 
model updating methods which can be either manual or automated, have proven to be 
very effective in the application to real structures and have been widely used on 
flexible structures. However, there are implications associated with deterministic 
sensitivity based methods that haven’t been explicitly addressed in the past. Such as 
1) Limited number of studies carried out on inflexible structures, especially buildings 
with medium-rise characteristics which are often associated with complicated initial 
modelling and different degrees of parameter uncertainties, 2) Incorporating the 
uncertainties in test data and tuning parameters within the deterministic model 
updating process and 3) Utilization of deterministic model updating  for deterioration 
assessment purposes. To address these research gaps altogether, this research program 
aims to develop comprehensive sensitivity based deterministic model updating 
systems for real structures with inflexible characteristics including a hybrid approach 
that incorporates different degrees of uncertainty in test data and confidence levels of 
tuning parameters to obtain more reliable FE models to represent the real structure 
behaviour. Based upon the developed hybrid approach, this research also aims to 
develop methodologies to assess the deterioration of building structures under 
serviceability mechanical loading conditions which is the combination of dead loads, 
live loads and wind loads acting on the structure. The Out-put only Modal Analysis 
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(OMA) data obtained from continuous monitoring systems are utilized in the 
aforementioned research developments. First, comprehensive sensitivity based 
deterministic model updating procedures are developed and their efficacies are 
evaluated by applying for two inflexible real structural systems, a 10-story concrete 
building, and a short span concrete over-pass. Extensive studies are carried out to 
investigate the importance of having sufficiently detailed initial FE models in 
automated model updating of medium-rise buildings and effective utilization of 
boundary limits and parameter groups to maintain the physical relevance of the 
updated FE models. Furthermore, the necessity of considering external structural 
components in the vicinity of inflexible structures is explored in the context of manual 
model updating. Secondly, a hybrid model updating procedure is developed for real 
civil structures which incorporates the variations in both measured responses and 
tuning parameters by means of data scatter, as a logical extension of the conventional 
deterministic model updating procedures. Scatters in the measured responses are 
derived through statistically analysing ambient vibration test data, while confidence 
levels of tuning parameters are derived based on the engineering judgement. The 
results of applying this automated hybrid model updating procedure to the same 10-
story building are compared against its conventional counterpart that was done 
previously on the same structure to study the effectiveness of the hybrid approach in 
producing more meaningful updated models. Finally, a novel methodology for 
deterioration assessment of building structures equipped with continuous health 
monitoring systems is developed based on the hybrid approach. The developed 
methodology is a simple alternative to existing probabilistic methods available in 
literature which require maintaining and updating a data base of deterioration 
mechanisms which is often found to be a complex and onerous task. The developed 
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methodology does not rely on such database and an application of the established 
methodology for a 10 story building structure illustrated the efficiency of the proposed 
method in successful deterioration assessment of real structures equipped with 
continuous monitoring systems.  
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Chapter 1: Introduction 
1.1 BACKGROUND 
Structural Health Monitoring (SHM) has drawn significant attention among the civil 
engineering community, mainly due to the concern of ageing and structural 
degradation of a large number of civil infrastructures around the world. Evaluating the 
integrity of these structures in terms of their level of safety and reliability to withstand 
regular loads as well as infrequent but high loads such as earthquakes, high winds and 
vehicle collisions is important and necessary for the well-being of the community. 
Concisely, SHM can be defined as the collection of data from on-structure, non-
destructive systems to evaluate the health condition of a structure and advancing the 
current practice of structural design, maintenance, and rehabilitation utilizing 
performance monitoring techniques  (Chan et al., 2011). Further, due to economic and 
aesthetic considerations, modern civil structures are often found to be very complex 
and flexible which are more prone to excessive levels of vibration induced by dynamic 
loads. As a consequence, vibration-based SHM is often used to characterise and/or 
validate the dynamic behaviour of these structures. Finally, the recent technological 
advances in sensors and evolution of the computer software have contributed to make 
the system development of both permanent and non-permanent monitoring systems 
more cost-effective and practical.   
In vibration-based SHM, apart from system development it is crucial to develop 
analytical models and update them against the actual structure performance to 
effectively utilize in condition assessment, damage detection, structural evaluation, 
maintenance planning and rehabilitation design of existing structures due to their 
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ability to predict the behaviour of structures from simulations without the expense of 
carrying out structural tests of prototype structures. The most popular analytical 
modelling method predominantly used in civil structure applications is the Finite 
Element (FE) method which describes the stiffness and mass distribution of a structure 
in matrix form using rows and columns of the matrices to represent the active Degrees 
Of Freedom (DOF). Due to the recent advancements in computer technology and 
development of sophisticated FE software, complete FE models are being built with 
some confidence from the knowledge of the structure’s geometry and material 
properties. However, during the development of the FE models, there are several 
assumptions and structural idealizations taken into consideration and hence when the 
experimental modal identification is carried out it is inevitable to experience 
differences with developed FE models. These differences originate from uncertainties 
in the simplifying assumptions of structural geometry, materials and inaccurate 
boundary conditions in the FE model. Hence, it is important to minimise these 
discrepancies to obtain more reliable FE models that accurately predict the 
static/dynamic behaviour of a structure. This has been the motivation for the 
development of a large number of techniques to alter the properties of the FE models 
such that their dynamic characteristics have a closer match to experimentally 
determined behaviour which is commonly known as model updating. In short, model 
updating is the process of correcting the modelling errors of an analytical FE model 
by using measured data from the real structure  (Liu et al., 2014) 
Model updating methods can be classified as deterministic methods which attempt to 
develop a single FE model by minimizing the error between the initial FE model and 
test data  (Mares et al., 2006), and Bayesian methods which treat the model updating 
as a statistical inference problem and aim to develop a set of FE models on the 
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likelihood of occurrence to represent the actual structure  (Beck & Katafygiotis, 1998). 
While these methods have their own advantages and drawbacks, deterministic model 
updating methods which are often based on sensitivity analysis have been very popular 
in real structure applications over for the last two decades mainly due to their 
simplicity and computational efficiency compared to other methods. Such methods 
can be either manual where the tuning parameters are changed manually to improve 
the initial FE models or automated in which case it is often conducted in an iterative 
manner. Several successful studies have been reported in using sensitivity based model 
updating, mostly on flexible bridge structures such as long span cable-stayed bridges 
(Brownjohn & Xia, 2000; Brownjohn et al., 2003; Cismaşiu et al., 2015; Daniell & 
Macdonald, 2007; Kim et al., 2013; Park et al., 2012; Zhang et al., 2001; Živanović et 
al., 2007. However, very few studies have been carried out on automated model 
updating of building structures  (Lord, 2003; Ventura et al., 2005) especially those 
with medium-rise characteristics. These types of structures are often associated with 
complicated initial modelling and different degrees of parameter uncertainties leading 
to real challenges for the users to establish satisfactory initial FE models as well as 
appropriate updating parameters and ranges. The importance of addressing the 
aforementioned challenges of medium-rise buildings to develop reliable FE models 
using sensitivity based automated model updating techniques haven’t been highlighted 
in the previous studies. Another issue arising from previous studies is that even though 
several case studies have been carried out with manual model updating, they were 
mostly concerned about flexible-type bridge structures such as cable-stayed bridges 
and choosing internal structural elements for model tuning (Daniell & Macdonald, 
2007; Park, et al., 2012; Živanović, et al., 2007). As a result, there has been a shortage 
of studies on inflexible bridge structures (such as short- and mid-span concrete 
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overpass structures) and assessing the influence of external structural components on 
manual model updating processes.  
In addition, most of the deterministic model updating case studies were based on the 
assumption that test data are accurate and reliable. However, in real structures test data 
can be subjected to numerous uncertainties such as environmental effects and 
measurement errors. This might possibly affect the quality of the measured data and 
hence the model updating procedure, which leads to updated models that may not 
represent the true behaviour of the actual structure  (Mottershead & Friswell, 1993).  
In addition, there are a number of tuning parameters used in the sensitivity-based 
model updating of real structures with different confidence levels, which will vary 
depending on the nature of the parameters. Only a few researchers in the past identified 
the importance of these variations in sensitivity-based automated model updating of 
real structures  (Brownjohn & Xia, 2000; Živanović, et al., 2007). However, there has 
been a lack of comprehensive studies on dealing with the actual variation of measured 
responses and the selection of confidence levels for the tuning parameters in the 
sensitivity based automated model updating process for real civil engineering 
structures.  
As mentioned earlier, infrastructure systems are vulnerable to damage and/or 
deterioration and SHM has been utilized to evaluate the structural integrity of these 
systems. Compared to deterioration assessment, damage detection has drawn much 
more attention in SHM research field as evidenced by the large amount of published 
literature on the topic as summarized in several comprehensive reviews (Doebling et 
al., 1996; Sohn et al., 2003; Yan et al., 2007). A possible reason for this is that damage 
detection is often considered to be more critical for old structures and most of the 
research carried out in the past has been on old structures. However, for newly built 
 Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 5
infrastructure systems deterioration is deemed to be an immediate problem that should 
be addressed for the purpose of effective preventive maintenance, as  over time these 
systems are subjected to cracking, aggressive chemical attacks and other physical 
damage mechanisms that will cause detrimental effects and eventually lead to failure 
in structural performance (Ellingwood, 2005).  Hence, it is important to establish 
procedures to assess the deterioration of the structures over the serviceable life to 
facilitate the maintenance and/or rehabilitation planning processes in the modern 
society that encourage sustainable development  (Biondini & Frangopol, 2016). 
Bayesian model updating methods are explicitly used in the field of deterioration 
assessment  (Enright & Frangopol, 1999; Wang & Liu, 2010; Zhu & Frangopol, 2013) 
mainly because these methods have the capability of incorporating the various 
uncertainties in the updating process. In this regard, deterministic methods such as 
sensitivity based automated model updating are, however, far from been explicitly 
used in the deterioration assessment of structures due to the lack of measures available 
to incorporate uncertainty in the model updating process. 
In conclusion, deterministic sensitivity based model updating is popular in real 
structure applications due to their simplicity and computational efficacy. However, 
most of the studies are for flexible structures and very few studies are on inflexible 
structures which are often associated with complexities in structural details and 
parameter uncertainties. Hence, comprehensive deterministic sensitivity based 
methodologies should be developed to address these issues and obtain better results in 
real structures with inflexible characteristics. In addition, there has been lack of studies 
available on incorporating the uncertainties in measured responses and tuning 
parameters in deterministic sensitivity based model updating.  Because of this reason, 
there is a demand to develop methods to incorporate uncertainties in the deterministic 
 6 Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 
sensitivity based model updating to obtain more reliable updated FE models that 
represent the true behaviour of the actual structures. Further, even-though 
deterministic sensitivity based model updating methods are used in obtaining reliable 
models of actual structures due to their simplicity and computational efficiency, these 
methods are yet to be implemented in life-cycle performance evaluation studies such 
as deterioration assessment of structures, mainly due to lack of availability of measures 
to incorporate uncertainties in the model updating process and lack of availability of 
measures to incorporate uncertainties in the model updating process.   
1.2 AIM AND OBJECTIVES 
The overall aim of this thesis is to develop comprehensive deterministic model 
updating systems for real structures based on sensitivity analysis including hybrid 
approach that incorporates different degrees of uncertainty in measured data and 
confidence levels of tuning parameters to obtain more reliable FE models to represent 
the real structure behaviour. Based upon the developed hybrid approach, this research 
also aims to develop methodologies to assess the deterioration of building structures 
under serviceability mechanical loading conditions which is a combination of dead 
loads, live loads and wind loads acting on the structure. The Output only Modal 
Analysis (OMA) data obtained from continuous monitoring systems are utilized in the 
aforementioned research developments.    
This research can be achieved upon completing the following three main objectives 
Objective 1: Investigate the importance and effective implementation of initial model 
updating stages including initial FE modelling, role of automated vs manual model 
updating, boundary limits and parameter grouping in model updating process in 
procuring desirable updated models whilst maintaining their physical relevance.  
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Objective 2: Develop hybrid approaches to incorporate different degrees of 
uncertainty in measured data and different degrees of confidence levels of tuning 
parameters in the deterministic sensitivity based model updating process. The 
effectiveness of the proposed approach is evaluated by comparing against its 
conventional counterpart.  
Objective 3: Develop a deterioration assessment methodology for building structures 
under serviceability mechanical loading conditions based on the hybrid sensitivity 
based model updating method developed under the objective 2 and validate the 
developed deterioration assessment methodology by measured data obtained from the 
continuous monitoring system of the real building structure (utilized in objectives 1 
and 2).  
1.3  SCOPE AND RESEARCH SIGNIFICANE  
As discussed earlier, this research develops comprehensive model updating procedures 
for real structures utilizing ambient monitoring data with the focus on developing a 
practical deterioration assessment system for reinforced concrete building structures. 
For the development of model updating procedures, the deterministic model updating 
is chosen in this research, mainly because of its simplicity and computational efficacy 
compared to other methods such as Bayesian model updating which are often 
considered as complex and computationally costly methods. Even though 
deterministic model updating methods have been widely used in real structure 
applications, some consequences of utilizing these methods particularly in inflexible 
structures haven’t been explicitly addressed in the past. Hence, it is really important to 
address the consequences associated with inflexible civil structures which are often 
coupled with complexities in structural details and boundary conditions, in order to 
 8 Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 
develop more reliable updated FE models. Upon the development of comprehensive 
deterministic model updating procedures, this research addresses the (1) importance 
of having sufficiently detailed and appropriately conceptualized FE models of complex 
medium-rise buildings in automated model updating, (2) importance of boundary 
limits and parameter groups based on element types defined for tuning parameters for 
such types of building structures in order to maintain the physical relevance of the 
updated FE model and (3) importance of taking into account the external structural 
components (located in the vicinity of the supports of the structure under 
consideration) in model updating. Further, as opposed to Bayesian model updating 
methods, one of the main drawbacks of deterministic model updating methods is 
identified as their inability to incorporate the uncertainties in the model updating 
process. In real structures, it is apparent that the measured responses and tuning 
parameters are subjected to various uncertainties and it is important to incorporate 
these uncertainties in the model updating process to obtain true behaviour of real 
structures from the updated models. The development of hybrid model updating 
procedure will address this need by incorporating measures to account for the 
uncertainties in the measured data and confidence levels of tuning parameters in 
deterministic model updating techniques.  
The deterioration assessment method developed in the final phase of the research is 
based on the hybrid model updating procedure and the scope is limited to building 
structures under serviceability mechanical loading conditions equipped with 
continuous monitoring systems. As mentioned earlier, deterioration assessment has 
been among one of the least attended fields in SHM compared to damage detection, 
yet it is important to develop such procedures to monitor the structures (especially for 
the newly built civil infrastructure) over a long period of time to study the structural 
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performance for preventive maintenance. Most of the research carried out in the past 
on deterioration assessment was based on probabilistic approaches including Bayesian 
model updating. Even though these methods are associated with many complexities, 
they are widely used in such applications because of their ability to account the various 
degrees of uncertainties in the deterioration assessment process. Since the 
methodology developed in this research is based on hybrid approach, this method 
possesses benefits of both deterministic model updating (i.e. simplicity and 
computational efficiency) and hybrid model updating (i.e. ability to incorporate 
uncertainties). Hence, it is believed by the author of this thesis that the developed 
deterioration assessment methodology is crucial in terms of practical application of 
such procedures for preventive maintenance of civil structures and will increase in 
popularity for real world applications in near future. 
1.4 THESIS OUTLINE 
Chapter 1: Introduction  
Chapter 1 outlines the background to the research topic, states the aim and objectives 
and describes the scope and significance of the research study presented in the thesis. 
Chapter 2: Literature Review 
Chapter 2 starts with an overview of the current knowledge on structural health 
monitoring, vibration based damage detection techniques (including model-based 
techniques and model-less techniques). Then this chapter discusses the model updating 
including different techniques available for model updating with their advantages and 
drawbacks. Also, it highlights the current developments and applications (particularly 
in real structures) of deterministic sensitivity based model updating. Next it describes 
the utilization of different model updating techniques in damage detection approaches 
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followed by deterioration assessment of civil engineering structures. Finally, this 
chapter concludes with describing the need for the present research.  
Chapter 3: Development of Initial Finite Element Models  
Chapter 3 presents the development of initial finite element models for the sensitivity 
based deterministic model updating purposes of inflexible structures. Two benchmark 
structures at QUT namely; P block a 10 story building and a concrete overpass within 
the main building (P block) will be employed to illustrate the special considerations 
that need to be taken during the development of finite element models for model 
updating purposes.  
Chapter 4: Sensitivity based model updating of real structures  
Chapter 4 presents the development of deterministic sensitivity based model updating 
methods for inflexible structures. For large and complex structures automated model 
updating procedures will be developed and efficiency will be demonstrated through an 
application to the P block structure. Furthermore, for small structures effectiveness of 
the manual model updating will be demonstrated through model updating of the 
concrete overpass located within the P block structure.  
Chapter 5: Hybrid Model Updating of real structures incorporating uncertainties 
Chapter 5 presents the development of a hybrid model updating approach to 
incorporate different degrees of uncertainty in measured data and confidence levels of 
tuning parameters in a sensitivity based deterministic model updating method. It also 
describes the application of the proposed hybrid approach to the P block structure. 
Finally, a comparison of P block model updating results of the proposed hybrid 
approach with the model updating results presented in chapter 4 will be utilized to 
demonstrate the effectiveness of the proposed hybrid approach. 
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Chapter 6: Deterioration assessment of buildings using hybrid model updating 
Chapter 6 presents the development of a methodology for deterioration assessment of 
building structures under serviceability mechanical loading conditions based on the 
developed hybrid model updating approach in chapter 5. Furthermore, it presents the 
validation of the proposed methodology utilizing the measured data obtained from 
continuous monitoring system of the P block which was utilized in previous chapters. 
Chapter 7: Conclusions 
Chapter 7 presents the conclusions drawn from the research work carried out, 
summarises the main research findings and contributions and provides 
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Chapter 2: Literature Review 
This chapter begins with the review of most general concepts (Section 2.1) of SHM, 
Structural Identification (St-Id) and deterioration assessment of civil structures. Then, 
detailed reviews of FE model updating and different model updating techniques will 
be presented in section 2.2. Finally, section 2.3 summarizes the core literature review 
results as well as the identified research gaps.  
2.1 GENERAL CONCEPTS 
2.1.1 Structural Health Monitoring 
Civil structures are vulnerable to damage over their service life due to various reasons 
such as aging, environmental factors, excessive loading etc.  (Chong et al., 2003). 
According to the U.S. Department of Transportation  FHWA, (2006), about 25% of 
the bridges in United States are structurally deficient. Further, it stated that to 
rehabilitate these bridges it will cost approximately US $ 65 billion. The significance 
of this issue was raised with the collapse of I-35W Bridge in Minneapolis, Minnesota, 
U.S. in 2007. Department of infrastructure and regional development states that it will 
cost more than AUD $220 million per annum for bridge maintenance (Sumitomo 
Australia, 2009). All these facts highlights the significance of the issue and necessity 
of implementing better structural health monitoring systems in Australia and other 
parts of the world. 
By definition, SHM is the evaluation of the current condition and monitor the structural 
performance of a constructed system for decision making and advancing the current 
practice of structural design and rehabilitation utilising the on-structure, non-
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destructive sensing systems  (Chan, et al., 2011). Over the last few decades, SHM has 
become a popular area of research among the researchers in the civil engineering 
discipline mainly due to the fact that a large percentage of civil structures around the 
world are preceding towards the end of their design lives due to their ageing and/or 
other physical damage mechanisms. The increase in attention for the safety of aging 
structures and economic considerations associated with excessive maintenance costs 
of these structures have been motivating factors for the development of several 
methodologies for the safety evaluation through damage assessment  (Farrar & 
Worden, 2012; Karbhari & Ansari, 2009).  Comprehensive reviews of published 
literature on these topics can be found in  (Doebling, et al., 1996; Sohn, et al., 2003; 
Yan, et al., 2007). On the other hand, in the recent years, significant advances have 
been accomplished in the life-cycle performance concepts to thrive the economic 
growth and sustainable development of the modern society. Based upon these 
developments, deterioration assessment of newly built infrastructure systems is on the 
rise for the purposes of life-cycle assessment, optimal maintenance planning and 
advance design practices in structural engineering  (Biondini & Frangopol, 2016).  
As mentioned above, most of the research carried out in SHM field is on safety 
evaluation through damage assessment of civil structure systems. In general, damage 
identification methods can be categorized as local methods and global methods. Local 
damage detection methods usually require prior knowledge of the vicinity of any 
damage and the damage location should be easily accessible for inspection. However, 
in real structures, usually damage is not available before damage identification and 
also the damage location may be in-accessible for the inspection. Hence, global 
damage detection methods are developed to detect and locate damage of real and more 
complex constructed systems  (Sohn et al., 2004). Early damage detection systems 
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were based on experimental approaches, such as stress waves, ultrasonic waves, X-
ray, acoustic, thermal and eddy currents which are commonly known as Non-
Destructive Tests (NDT).  Even though they are still in use, those methods are local 
methods which require prior knowledge of the damage sites and often considered as  
inconclusive, time consuming and expensive methods  (Bandara, 2013). These draw-
backs caused the researchers to develop methods to assess the condition of the 
structure at once, commonly known as global damage detection methods. Vibration-
based Damage Detection (VBDD) systems, which are global in nature became feasible 
in the last few decades due to the advancement in computational power, sensor and 
data acquisition hardware  (Link, 2008). A comprehensive damage detection system 
normally should comprise of three main parts. First, there should be a good damage 
sensitive feature (DSF) which is very sensitive to structural damage, while robust to 
environmental and other variations. Secondly, if the DSFs associate with large amount 
of data, a data compression technique should be used to reduce the dimensionality of 
DSFs. Thirdly, a statistical model should be used to feature classification or feature 
discrimination  (Sohn, et al., 2004). 
2.1.2 Vibration-based Damage Detection 
 
The principle behind the VBDD techniques is that the damage alters both the physical 
properties and dynamic characteristics of the structure. Hence, changes in vibration 
characteristics may be used to detect the damage. The main objectives of non-
destructive VBDD schemes are to identify structural damage at very early stage, to 
locate damage, to estimate the severity of the damage and to predict the severity of the 
remaining life-time of the structure without causing harm to the structural integrity  
(Rytter & Kirkegaard, 1994).  The VBDD methods can be further classified into 
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model-based methods and model-less methods, where model-based methods assume 
that the monitored structure responds in some predetermined manner that can be 
accurately described by finite element analysis and hence these methods rely on 
analytical models to detect damage of the structure. Because of this reason, in model-
based methods, the development of reliable analytical models such as FE models is 
vital for the successful damage detection of a structural system.  The model-less 
methods on the other hand do not require such FE models which facilitate the on-line 
damage detection of structures. Hence, there is a trend to use input-output model-less 
damage detection techniques such as Frequency Response Functions (FRFs) based 
methods (Huynh et al., 2005) and output-only methods such as Transmissibility 
Functions in damage detection of structures  (Dackermann et al., 2012). The difference 
between these two methods is that the input-output methods require measuring the 
excitation force to calculate the DSFs where output-only methods can solely operate 
on output response signals. Even though such model-less approaches are promising in 
terms of on-line damage detection, the large size & the complexities associated with 
these methods will require enormous computer power in real structure applications  
(Dackermann, 2010). This is because, these damage detection methods are centralized 
techniques where, the sensors are only used to gather information and data processing 
is carried out at a central server and this phenomena will reduce the efficiency of 
damage detection and consume large amount of energy. Hence, decentralized damage 
detection systems are developed to address this issue by developing smart sensor nodes 
which enable the decentralized data processing in nodes where, earlier their only 
purpose was the acquisition of data  (Jayawardhana et al., 2011). Most popular 
decentralized methods used recently in SHM field are, Auto Regressive - Auto 
Regressive with Exogenous Input (AR-ARX) and Auto Correlation Function with 
 16 Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 
Cross Correlation Function (ACF-CCF) which extract damage sensitive features using 
time series analysis. AR-ARX method is based on the premise that the statistical 
prediction model developed from  the time series measurement data of the healthy 
structure would not be able to reproduce or predict the newly obtained time series of 
the damaged structure. The ACF-CCF method uses the ACF of the measured signal of 
each node to detect damage and the CCF of node pairs to locate damage  
(Jayawardhana et al., 2013). However, these methods are considered as local methods 
and cannot be utilized in real structures solely without the assistance of global damage 
detection methods. Hence, model-based global damage detection systems are still 
popular in real structure applications due to their ability to work with large complex 
constructed systems. The following sections critically evaluate the developments in 
model-based damage detection systems, most popular model-less damage detection 
methods including decentralized methods.  
2.1.3 Model-based Damage Detection Techniques 
 
Doebling, et al. (1996), conducted a literature review covering a wide range of model-
based damage identification methods developed based on various modal parameters 
such as resonant frequencies, modal flexibilities, mode shape curvatures and modal 
strain energy. Salawu (1997), conducted an extensive literature review on damage 
detection methods using natural frequency data as DSFs and Bishop (1994), carried 
out an extensive literature review regarding applications of neural networks in 
vibration-based damage detection. A literature review conducted by Sohn, et al. (2004) 
emphasize that the need of new techniques in structural health monitoring applications 
in real engineering structures. 
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• Natural frequency based damage detection methods 
Natural frequencies have been used as the damage indicators for many decades in 
SHM due its simplicity in determination and their robustness to statistical variation 
from random error sources compared to other modal parameters  (Choi, 2007; 
Doebling et al., 1998). However, since natural frequencies are a global property, it 
cannot provide spatial information of structural changes and hence it is challenging to 
localize and estimate severity of damage. Another challenge for the natural frequency 
based damage detection methods is that the natural frequencies are susceptible to 
environmental changes and these variations need to be accounted in damage detection  
(Maeck, 2003). Even-though it is quite challenging to develop effective damage 
detection techniques using natural frequencies many researchers have developed 
successful techniques for various civil engineering applications. Several researchers 
utilized natural frequency based damage identification methods to identify, locate and 
estimate the severity of crack propagation in reinforced concrete (RC) laboratory scale 
beams  (Kim & Stubbs, 2003; Ndambi et al., 2002). Kim and Stubbs (2003) developed 
a frequency based damage detection method using the fractional change in natural 
frequencies due to damage and the method was capable of locating damage and 
severity estimation of a RC beam. Kim et al. (2007), further extended their work by 
investigating the performance of the method in different temperature conditions and 
was successful in identifying damage location, severity estimation under different 
temperature conditions. 
• Damping ratio based damage detection methods  
Another DSF that used in the past for VBDD is the damping ratio of the structure 
where if the structure is damaged its damping should increase from the damping value 
of the undamaged state. However, in reality still the damping ratio of a structure cannot 
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be accurately determined and hence the damage detection methods based on damping 
ratios are not very popular amongst the SHM researchers. However, some attempts 
have been made to develop damage detection methods based on damping ratios where 
some researchers showed that damping ratios are affected by damage; however, they 
were un-reliable as damage indicators due to their inconsistency in performance for 
number of damage scenarios  (Farrar & Jauregui, 1998; Salane & Baldwin Jr, 1990; 
Salawu, 1997). 
• Mode shape based damage detection methods 
A large number of damage indicators have been developed based on direct mode 
shapes and their derivatives in the past SHM research work. The concept behind mode 
shape based methods is that if the structure is locally damaged, the mode shape changes 
will occur in the vicinity of that damage. Hence, by comparing the mode shape data 
between healthy structure and current structure one can determine whether the 
structure is damaged or not. Basically, the mode shape methods can be divided in to 
direct-mode-shape methods and mode-shape curvature methods. In direct mode shape 
methods a comparison between two sets of direct mode shape data are used to detect 
damage. Two commonly used methods to compare two sets of mode shapes are Modal 
Assurance Criterion (MAC) and Co-ordinate Modal Assurance Criterion (COMAC).  
The mode shape based damage detection approaches  were widely used in the field of 
damage detection, calibration with finite element modelling and experimental data  
(Choi, 2007). Several researchers were able to detect and locate damage of RC beams 
using mode-shapes as DSFs  (Choi et al., 2005; Ismail et al., 2006; Razak & Choi, 
2001).  Even in some researches the damage severities also successfully estimated with 
direct mode shapes  (Ismail, et al., 2006). Multiple damage scenarios of  timber beams 
were detected by Hu and Afzal (2006) even though the method was unable  to evaluate 
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the damage severity. Hence, by analysing the developed methods based on direct mode 
shapes it is clear that the applications were limited to simple structures and there has 
been lack of studies  available on real structure applications.  
• Mode shape curvature based damage detection methods 
Mode shape curvatures have been used in damage identification due to the fact that the 
curvature changes are highly localised in the region of damage. Similar to direct mode 
shape methods several researchers utilized mode shape curvature based methods to 
detect damage in simple beam structures  (Hamey et al., 2004; Maeck, 2003; YOON 
et al., 2001). The previous research work carried out using mode-shape curvatures as 
DSF showed promising results in numerical applications. However, the methods were 
not performed well in experimental applications. 
• Modal-Strain-Energy based damage detection methods 
Modal-Strain-Energy is another popular modal parameter used in damage detection. 
A mode shape contains a large body of strain energy in a particular load path and the 
damage to a structure alters the modal strain energy in the load path. Hence, by 
determining changes in modal strain energy, not only the damage location but also the 
magnitude of the damage can be determined  (Dackermann, 2010). A large body of 
literature is available for the methods developed with the use of modal-strain-energy. 
Stubbs et al. (1995), presented an experimental verification using modal strain energy 
to locate and estimate damage from modal-strain energy of few mode shapes of the 
structure. The experimental results showed the method was able to identify the damage 
location with little false identifications even-though for damage severity estimation, 
the method generated high errors. In 2002,  Kim & Stubbs further developed their 
method with formulating damage indices to improve accuracy of both damage location 
and severity estimation and the results showed good accuracy on numerical models. 
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Shi et al. (2000), proposed a damage indicator using the ratio of changes in modal 
strain energy in each element, and the method required only the elemental stiffness 
matrices, analytical mode shapes and incomplete measured mode shapes to located 
damage in numerical models. Li et al. (2006), presented a modal strain energy 
decomposition method for damage locating while James Hu et al. (2006), presented a 
cross-modal strain energy (CMSE) method for estimating the severity of damages. The 
numerical results indicated that the CMSE method is capable of estimating the severity 
of damage under noise-free measurement conditions although the method was found 
to be incapable of identifying the damage location. Some researches carried out at 
Queensland University of Technology (QUT) also used modal strain energy to 
calculate damage indicators. For example,  Shih et al. (2009) proposed a modified 
version of damage index for beam and plate like structures and it was verified by 
experimental data and. an improved damage index based on modal strain energy to 
detect and locate flexural cracks in reinforced concrete beams was proposed by  
Wahalthantri et al. (2012), and successfully verified with numerical simulations. 
In summary, number of modal parameters have been utilized as DSFs in model-based 
damage detection methods. As demonstrated above many researchers were able to 
develop successful damage detection techniques with such parameters, and validated 
with numerical models, laboratory structures and real structures. However as 
mentioned earlier, since these methods rely on numerical models, the researchers 
investigated the effectiveness of using direct data derived from monitoring systems of 
constructed systems as DSFs, which leads to the development of model-less damage 
detection systems.  
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2.1.4 Model-less Damage Detection Techniques 
 
• Frequency Response Functions based damage detection techniques 
One of the most popular DSF among the model-less damage techniques is Frequency 
Response Functions (FRFs) which can be derived directly from the measured response 
data of the actual structure. Apart from that, FRFs provide abundant information on 
the dynamic behaviour of a structure compared to modal analysis data, which is a great 
advantage in damage detection techniques. Also, since it does not require numerical 
models, using FRFs as DSF eliminates the numerical errors inherent in modal analysis  
(Dackermann, 2010). FRFs of a system can be obtained from the force and response 
information of the actual structure and since FRF is the ratio between the response and 
force and it does not depend on the type of excitation. Number of excitation types are 
used in applications namely, random, sinusoidal, impact and periodic. With the rapid 
improvement in measuring equipment and computer power it is possible to measure 
FRFs with multiple force inputs and multiple response outputs  (Bandara, 2013; Fu & 
He, 2001). 
Several researchers were successful in identifying damage in numerical models with 
FRFs data. However, the application of such methods in real structures is still 
problematic and need further development due to processing complexities of enormous 
amount of data  (Kessler et al., 2002). Wang et al. (1997), developed a new damage 
identification method using measured FRF data and tested experimentally on plane 
frame steel structure. Even-though the method successfully identified damage in 
numerical model the experimental results were not satisfactory.  Kessler, et al. (2002), 
presented an experimental and analytical application of a FRF method to detect 
damages. Although the method successfully identified even small damage on a simple 
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composite structure, the method was not able to locate and estimate the severity of 
damage. Maia et al. (2003), studied the effectiveness of mode shape based methods 
and FRF based methods. The numerical results of a free-free beam showed that all the 
methods, except direct mode shape method were capable of identifying damage 
location. Owolabi et al. (2003), carried out experimental investigations to study the 
effects of cracks on structural integrity of aluminium beams. Changes in the first three 
natural frequencies and corresponding amplitudes of the measured acceleration FRFs 
were the parameters for damage identification. Even-though the method successfully 
identified damage with the use of amplitude change, such methods need to be 
developed for global damage detection in-order to be applied for real world 
applications. Liszkai (2003) was able to develop a FRF based damage detection 
technique with the use of linear vibration information in FRF calculations to eliminate 
the noise in measured data from structures. Dincal (2005) successfully investigated the 
performance of an existing structural damage identification method when only 
experimental measurement information is available for the calculation of frequency 
response measurements. 
In real world the FRFs obtained through field data are not complete and uncertain 
compared with the FRFs obtained through laboratory tests and numerical models. 
Furukawa et al. (2006), presented a damage detection method using uncertain FRFs. 
With the numerical simulations using a 2D frame structure it was found that the 
proposed method accurately identified the damage but when noise level increases the 
accuracy level of damage detection was reduced accordingly. Apart from using direct 
FRFs, some of the researches attempted to develop methods using various features of 
FRF rather than using direct FRFs. For example Nozarian and Esfandiari (2009), used 
changes of the FRFs of the structure to detect damage (with measured natural 
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frequencies and mode shape changes) and the method was validated by numerical 
simulations with noise polluted data and it was found that higher excitation frequencies 
predict the damage better compared to lower frequencies. Liu et al. (2009), used FRF 
shapes for structural damage detection. Even though the proposed method showed 
encouraging results in damage detection the method was not tested with non-
proportional damping which is more common in real structures.  
Although in literature it was found that the FRFs is a good DSF, yet the large amount 
of data associated with it reduces the efficiency of damage detection algorithms. 
According to Sohn, et al. (2004), implementation and diagnostic measurement 
technologies needed to be introduced into damage detection algorithms, if they employ 
a DSF that associates with large amount of data. Hence, the researchers used 
dimension reduction techniques such as PCA developed by  Pearson (1901) to reduce 
dimensionality of the measured response data. Hotelling (1933) used PCA for the 
purpose of analysing the correlation between random variables and Tang (2005) 
introduced a feature extraction method based on PCA to reduce the dimensionality of 
FRFs. A dimensional reduction can be achieved by PCA with minimum loss of 
information by removing low power PCs. Another benefit of PCA is that it can 
minimize the effects of unwanted measurement noise  (Dackermann, 2010; White et 
al., 2006). 
Further, the damage detection systems should make use of the statistical methods if 
the damage classification is performed. The algorithms used in the statistical modal 
development are categorized into two methods, supervised learning and unsupervised 
learning. In the supervised learning data is available for both undamaged and damaged 
states whilst unsupervised learning refers to the class of algorithms that are applied to 
data not containing examples from the damaged structure. Some of the unsupervised 
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learning methods include control chart analysis and novelty damage detection 
methods. Supervised learning methods include response surface analysis, linear 
discriminants, ANNs and genetic algorithms.  
Among the unsupervised learning methods many researches used ANNs to feature 
classification together with FRFs as the DSF. ANNs, inspired by the human brain are 
very effective in damage detection. ANNs are consisting of approximate functions, 
pattern recognition and classification tools. ANNs can be trained to recognize the 
characteristics of both damaged and healthy structures. After ANNs are successfully 
trained they will have the ability to identify the existence, location and extent of the 
damage in structures  (Lee & Kim, 2007; Zailah et al., 2013). There are several 
advantages of ANNs in damage identification compared to other traditional methods. 
The main advantage is that properly trained ANNs don’t need any numerical 
simulations for damage detection. Also, it can be trained with any vibration parameter 
and with incomplete data sets. ANN’s robustness to noise and environmental 
fluctuations enhance the effectiveness of damage detection  (Bakhary, 2012; Bakhary 
et al., 2007). 
Hence, the researchers investigated combining FRFs, ANNs and PCA to develop a 
comprehensive damage detection system that can be used for on-line damage detection 
of real civil engineering structures. Dackermann (2010), developed a damage detection 
method based on FRFs, PCA and ANNs and the method was validated with numerical 
frame models and laboratory test frames. Bandara (2013), successfully developed a 
damaged detection method based on FRFs, PCA and ANNs and the proposed 
technique was verified by four structures to cover from simple to complicated systems. 
However, the applicability of ambient vibration data as the input to FRFs and the 
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applicability of such techniques for real structures were not tested in the above 
mentioned researches.  
In summary, many researchers developed various methods to detect, locate and 
estimate severity of damage using FRFs, PCA and ANNs. To verify the proposed 
methods, the researchers have applied them to various numerical and experimental 
structures. One of the major drawbacks of FRFs is that the calculation of FRF requires 
the prior knowledge of input force which is a major challenge in developing damage 
detection systems for on-line damage detection of real civil engineering structures. In 
real structure applications it is quite challenging to measure the excitation forces to the 
structure. Hence, output-only damage detection methods are developed to address this 
issue which do not require input force measurements to the calculations. Because of 
this reason, the concept of Transmissibility Functions gained popularity which can be 
defined as a ratio between FRFs at two different measurement points. The advantage 
of using Transmissibility Functions is that it can be calculated without knowing the 
magnitude of input force, which facilitates on-line damage detection of real civil 
engineering structures. The following section discusses the damage detection methods 
developed with Transmissibility Functions.  
• Transmissibility functions based damage detection techniques 
Transmissibility Functions can be simply explained as the ratio between frequency 
spectra at two degrees-of-freedom (DOF) points  (Devriendt et al., 2010). The 
principle behind the Transmissibility Functions as a DSF is that the damaged structure 
would not be able to reproduce similar Transmissibility Function patterns of a healthy 
structure. Among the VBDD methods Transmissibility Function analysis attracted 
considerable interest due to its effectiveness in damage identification and the ability to 
calculate only with available out-put data  (Zhu et al., 2011).  
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Several researchers in the past have proven the effectiveness of Transmissibility 
Functions in damage detection of civil engineering structures. Johnson and Adams 
(2002) presented a methodology using Transmissibility Functions to identify, locate 
and quantify damage for 3 DOF non-linear model using numerical simulations. The 
important outcome of this research is that the method was successful with potential 
non-linear behaviour of the healthy structure. In-order to have a potential in damage 
detection the DSF should be sensitive to damage as well as robust to environmental 
and operational variations  (Bandara, 2013). Devriendt, et al. (2010), was successful 
in locating damage of a simple cantilever beam with different operational conditions. 
Further, the authors concluded that using a proper frequency weighting, where the 
information in small bands around resonance frequencies of the structure to calculate 
Transmissibility Functions enhance the sensitivity of damage while reducing the 
sensitivity towards environmental variations. 
Zhu et al. (2010), extended the application of Transmissibility Functions in to Wireless 
Sensor Networks (WSNs). The developed method combining Transmissibility 
Function analysis and mobile sensor network has been validated through a steel portal 
frame test structure. Most of the research work was focused on experimental validation 
of using Transmissibility Functions for damage detection. Zhu, et al. (2011), 
analytically investigated the performance of Transmissibility Functions for damage 
detection. The sensitivity of Transmissibility Functions against structural mass and 
stiffness change is analytically derived by numerical model of 5-DOF spring-mass 
system. 
As mentioned earlier, in order to apply damage detection methods for real world 
applications, such techniques should be enhanced for automated monitoring that can 
solely operate without any human intervention. Similarly for the FRFs,  Dackermann, 
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et al. (2012) developed a damage detection method based on Transmissibility 
Functions, PCA, ANNs. The method was successfully detected local boundary damage 
of a two storey numerical frame. Fan et al. (2013), developed a novel transmissibility 
concept based on wavelet transform for structural damage detection and the feasibility 
of the method was numerically investigated with a typical 6 DOF spring mass system. 
A critical review conducted by Chesné and Deraemaeker (2013) identified some 
drawbacks of Transmissibility Functions where the authors concluded that identifying 
the damage location using Transmissibility Functions is quite challenging under 
unsupervised learning. The experiments conducted to locate damage of spring-mass 
system under such conditions revealed that identifying damage location is only 
possible when the damage is located directly next to the application of the force. 
Previous research showed the sensitivity of Transmissibility Functions for damage and 
robustness to environmental and operational variations. Most significantly it can be 
used with output-only measurements, which greatly facilitates the on-line SHM of real 
world structures. However, similar to FRFs, the enormous amount of data associated 
with Transmissibility Functions prevents these methods from on-line SHM of real 
structures.  
All of the above mentioned damage detection techniques are centralized damage 
detection techniques in which the sensors are only used for acquisition of data and the 
data processing is done only at the central sever. For a real complex structure with 
large amount of data these techniques will consume lot of energy and time for data 
transmission in the sensor network, which leads to inefficient damage detection. 
Hence, to address this issue some researchers developed decentralized damage 
detection techniques where the data will be processed partially/fully within individual 
sensors. This will save lot of energy and increase the time efficiency, hence, increase 
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the efficiency of damage detection  (Jayawardhana, et al., 2013). The following section 
discusses some of the decentralized damage detection techniques developed by past 
researchers. 
• Decentralized damage detection techniques 
In the recent years decentralized damage detection systems gained popularity in SHM 
specially due to the enhancement of computational capabilities of smart sensors  
(Jayawardhana, et al., 2011). Unlike in centralized techniques, in decentralized 
techniques all the measured and unprocessed data will not be directly transmitted to 
the central server. In these techniques the data will be processed partially/fully within 
individual sensors and only the crucial information will be transmitted to the central 
server. The advantage is that this will increase the sampling data rates  by reducing the 
amount of data transmissions to the central server  (Liu, et al., 2009). In a sensor 
network system most of the energy is consumed by data communication  (Anastasi et 
al., 2009; Pottie & Kaiser, 2000). Hence, the reduction of data transmission in 
decentralized techniques will save energy, thereby increasing the system lifetime. 
Another important point to note is that the decentralized processing also enhances the 
system performance through decreased packet loss rate and system response time. In 
centralized methods, packet loss rate will be high because all the data will be 
transmitted to the central server. Also the system response time (the time taken by the 
system to provide a response when given an input or command) will be high because 
the time taken to acquire a large amount of data at the central server will be longer 
than for a decentralized system. 
A large body of existing work on decentralized damage detection techniques can be 
found in the literature. Some decentralized algorithms are based on statistical time-
series models and some are based on modal parameter analysis, correlation studies and 
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wavelet analysis. Some studies used hybrid approaches by combining some of the 
above mentioned methods. Few examples of the existing work on decentralised 
damage detection systems are briefly summarised in the following section to 
demonstrate the variety of such methods. 
Hackmann et al. (2010), proposed a novel cyber-physical co-design approach to 
structural health monitoring based on wireless sensor networks. The decentralized 
system integrates flexibility-based structural engineering method to locate damage and 
multi-level computing architecture to extract features of flexibility method. Whereas 
a totally different approach is used by Liu, et al. (2009) with Auto Correlation 
Function- Cross Correlation Function (ACF-CCF) to successfully detect and locate 
damage. A holistic approach to SHM that features a decentralized computing 
architecture optimized for the DLAC (Damage Localization Assurance Criterion) 
damage localization algorithm was introduced by Hackmann et al. (2008). Lynch et al. 
(2003), developed a wireless sensing unit for potential application in an autonomous 
structural health monitoring system by embedding fast Fourier transform and AR 
models into the system. A novel time series analysis is presented to locate damage 
sources in a mechanical system, which is running in various operational environments 
by Sohn and Farrar (2001). In that research the residual error, which is the difference 
between the actual acceleration measurement for the new signal and the prediction 
obtained from the AR-ARX model developed from the undamaged model is used for 
the damage detection and locating. Clayton et al. (2005) investigated the feasibility 
and functionality of a wireless sensor network to detect and locate damages utilizing 
current wireless mote technology and the method was validated with a simple 
cantilever beam. Yan and Dyke (2010) presented a decentralized damage detection 
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approach that is robust against the time synchronization errors in wireless sensor 
networks.  
The following sections will describe some background studies of existing work 
regarding AR-ARX method and ACF-CCF method. 
o AR-ARX method 
As mentioned earlier, AR-ARX is a statistical time series method which has been used 
for structural damage detection. The objective of statistical time-series modelling is to 
set up a hypothetical mathematical model which best describes a given data set. Once 
an appropriate model is fit to the data, that model can be used to enhance the 
understanding of the processes. Also the model can be used for many other 
applications such as filtering noise from signals, predicting future values and detecting 
errors of the process  (Brockwell & Davis, 2002). In statistical methods, damage 
detection is based on the principal that the prediction model developed from the time-
series measurements from the undamaged structure would not be able to reproduce 
from the time-series measurements of the damaged structure  (Lei et al., 2003; Ling et 
al., 2009; Zhang, 2007). In many statistical based damaged detection algorithms, a 
single feature is used for both damage detection and locating. However, the accuracy 
of damage locating of such methods should be investigated carefully prior to the 
application in real structures  (Liu, et al., 2009; Mosavi et al., 2012).  
Sohn et al. (2000), presented a method to detect damage on a bridge column using AR 
model coefficient 𝛷𝛷𝑖𝑖  as the DSF. Sohn and Farrar (2001) further developed their 
research by using two-staged prediction model with AR and ARX to detect and locate 
damages to structures. The method was validated using acceleration time histories 
obtained from an eight degrees-of-freedom spring-mass system. Lynch, et al. (2003), 
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modified the AR-ARX method with using ratios of standard deviations of the residual 
errors of the healthy and damaged ARX models as the DSF. In the recent past, 
researchers tried to develop an overall SHM system that is capable of detecting, 
locating and estimating the severity of damage on a structure with decentralized 
methods. For an example Gul and Catbas (2011) presented a methodology to detect, 
locate and estimate the damages to a structure with the use of ARX models. The 
proposed method was successfully validated with the numerical 4-DOF spring-mass 
system. The researchers further developed their method to a structural assessment of a 
large scale 4-span bridge model with ambient vibration data. The results showed that 
the method is successful in detecting and locating the damage  (Gul & Catbas, 2010).  
Jayawardhana, et al. (2013), carried out an experimental study to detect damages on a 
simply supported two span reinforced concrete slab with AR-ARX models. Damage 
localization is carried out using statistical classification by the fisher information 
criterion. 
AR-ARX is a proven method for damage detection accuracy and reliability. Using a 
single feature for both damage detection and localization simplifies the process of 
structural health monitoring. However, AR-ARX method is very time consuming due 
to the need to fit two models of data. 
o ACF-CCF method 
The ACF-CCF method is a recently developed correlation based damage detection 
method. Some other correlation based damage detection techniques are Damage 
Location Assurance Criterion (DLAC) and Multiple Damage Location Assurance 
Criterion (MDLAC). However, all of these methods are modal parameter based 
methods which require numerical models to damage detection. Hence, in this research 
ACF-CCF method is investigated for real structure applications. This technique gained 
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much popularity in SHM due to its simplicity.  In this method the Auto-Correlation 
Function coefficients of the measured structural responses are used as the DSF for 
damage detection. The Cross- Correlation Function (CCF) coefficients of damage 
sensor pairs are used for damage locating purposes. ACF-CCF has been identified as 
a good DSF due to their sensitivity to damage and their robustness to environmental 
and operational variations  (Liu, et al., 2009).  
Structural health monitoring using ACF-CCF has two stages; in the first stage damage 
detection is carried out by computing ACF coefficients from measurement data 
obtained from the current structure and comparing with the ACF coefficients of the 
undamaged structure already stored in each sensor location. The principal behind 
damage detection using ACF coefficients is that there should be a difference in ACF 
coefficients between two stages if damage is present at the current structure. This stage 
is fully operated at nodes which reduces the data transmission between nodes and 
central server hence, save energy and increase efficiency. The second stage is locating 
damage and this is carried out only if damage is detected at the first stage. The CCF 
coefficients calculated from damaged structure are compared with the CCF 
coefficients of undamaged structure to identify the location of the damage. In order to 
carry out this procedure systematically a statistical classification method known as X-
bar control chart is used in ACF-CCF method  (Montgomery, 2007).  
In ACF-CCF method, initially a data base of the undamaged structure is created and 
stored in each sensor node in order to compare with the structure at operation stage. 
This reference data base consists of the Novelty Index (NI) and two thresholds, named 
the Upper Control Limit (UCL) and Lower Control Limit (LCL) computed from the 
NI with X-bar control charts. The NI is the DSF in ACF-CCF method which is 
calculated at each sensor node  (Jayawardhana, et al., 2011). Apart from the ACF 
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values reference data base will consists of NI, UCL and LCL values computed from 
CCF values computed from the reference data of each sensor pair. They are stored at 
master sensor of each sensor pair. In each sensor pair there is a master node and a slave 
node. These sensor pairs are chosen simply from the location of each sensor  (Liu, et 
al., 2009). The stored data of NI values, UCL and LCL of undamaged structure is 
compared with the computed NI values of the structure at current state to detect and 
locate damages. 
The ACF-CCF method has several advantages over other methods in SHM. Its 
simplicity and independency from the structural model facilitates the on-line structural 
health monitoring. Also the power consumption is kept at a minimum in this method 
because communication is restricted to only damage locating stage. The ACF-CCF 
method facilitates the communication between node pairs which enhance the 
allocation of spatial information on locating damage  (Jayawardhana, et al., 2011). A 
comparison of AR-ARX method and ACF-CCF method has been carried out by 
several researches in the past. Liu, et al. (2009), compare the two methods with a 
numerical frame structure and a laboratory frame structure. Jayawardhana, et al. 
(2013), has carried out an experimental study to detect damage on a simply supported 
two span reinforced concrete slab using AR-ARX and ACF-CCF methods. In both 
occasions the results suggested that ACF-CCF method performs better in terms of 
locating damage, consumption of time & energy compared to AR-ARX method. 
However, the use of X-bar control chart requires large amount of data for construct 
reference data base for accurate damage detection and localization  (Brockwell & 
Davis, 2002).  
Even though the above mentioned decentralized damage detection methods are 
capable of on-line damage detection and energy efficient which facilitate the damage 
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detection of real structures, these methods are local methods which require prior 
knowledge of the damage site to effectively utilize in identification and locating 
damage. Hence these methods cannot operate solely and require the assistance of a 
global damage detection method to identify the damage site in a large structure.  
In summary, large amount of research has been carried out on model-based global 
damage detection methods, model-less global damage detection systems and 
decentralized damage detection systems. Although model-less global damage 
detection techniques such as FRFs and Transmissibility Function based methods can 
facilitate on-line damage detection, the complexities and computational inefficiencies 
associated with these methods avert them from real structure applications. Even-
though decentralized methods were introduced to address these issues and facilitate 
on-line SHM, these methods are considered to be local methods and unable to utilize 
in global damage detection of real structures. Because of this reason, still model-based 
damage detection techniques are popular in real structure applications even-though 
these methods rely on analytical models to detect the structural damage. The 
effectiveness of the model-based damage detection systems, heavily depend on the 
reliability of the analytical models (most often FE models) used in the process. Hence, 
the researchers in SHM field carried out research in developing reliable FE models for 
SHM purposes. Due to this reason, concepts such as model updating has become 
popular in SHM field which uses to minimize the differences between the analytical 
models and experimental data for the purpose of obtaining more reliable models that 
predict the true behaviour of actual structures. The following section will discuss the 
FE model updating and critically evaluates the different model updating techniques 
developed in the past.  
 Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 35
2.2 FINITE ELEMET MODEL UPDATING 
2.2.1 Introduction 
As the previous chapter has outlined, the aim of finite element model updating is to 
utilize the experimental data to minimise the discrepancies between the analytical 
models and actual structure and hence to improve the quality of the initially developed 
analytical models. To achieve this target much work has been carried out over the last 
three decades. A vast amount of literature can be found in relation to the theoretical 
developments treating the model updating as a mathematical problem and also on 
numerous occasions these developments have been successfully applied in laboratory 
scale structural models as well as real structures.  
The purpose of this section is to discuss the model updating techniques as well as 
reviewing the state of the art in related fields. The subsequent sections present a brief 
introduction to the finite element modelling followed by the development of various 
model updating techniques.  
2.2.2 Finite Element Modelling for Model Updating 
 
The origin of FE modelling goes back to the 1950s in the aircraft industry to where the 
early forms of modern analytical models were developed to study the complex 
structures of aeroplanes. The pioneers of the development of FE modelling methods 
are Turner et al. (1956) and Argyris and Kelsey (1960) where Clough (1960) has used 
the term finite element method for the first time. Since then extensive theoretical 
developments and applications have been devoted in the engineering field and the text 
books  (Bathe, 1982; Zienkiewicz et al., 1977) provide a comprehensive coverage of 
these developments. Even though, the ever increasing computer power and 
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development of FE software packages facilitated the development of FE models with 
a large amount of DOF, it is extremely difficult to develop complete FE models that 
fully represent the actual structure behaviour due to the uncertainties in the simplifying 
assumptions in the FE model  (Jaishi & Ren, 2005). Hence, to minimise these 
discrepancies a large variety of model updating techniques have been developed 
around the world in the last four decades.  
Model updating related to civil structures has begun in the early 1970s, where the first 
published literature was a collection of papers from the 1972 Annual Meeting of 
American Society of Mechanical Engineers (ASME) edited by Pilkey and Cohen 
(1972). Since then a large amount of literature has been published on development and 
application of various model updating techniques related to civil structural engineering 
discipline. The following sections outline some of the model updating techniques used 
in the civil engineering field highlighting the current state of the art. It is worth noting 
here that the below sections only provides a summary and more comprehensive 
coverage related to model updating in structural dynamics are available in series of  
review papers by  (Natke, 1988, 1989, 1991), (Ibrahim, 1988; Imregun & Visser, 1991; 
Kozin & Natke, 1986; Mottershead & Friswell, 1993and  textbook by Friswell and 
Mottershead (1995).  
2.2.3 Model Updating Techniques 
Model updating techniques can be broadly classified as direct (non-iterative) methods 
that directly update the mass and stiffness matrices of the FE model and iterative 
(indirect) methods which use changes in the physical parameters identified through 
sensitivity analysis to update the FE models. The iterative model updating methods 
can be sub-categorised as deterministic which attempt to develop a single FE model 
by minimizing the error between the initial FE model and test data  (Mares, et al., 
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2006), and Bayesian methods which treats the model updating as a statistical inference 
problem and aim to develop a set of FE models on the likelihood of occurrence to 
represent the actual structure  (Beck & Katafygiotis, 1998).  
The following sub-sections provides an outline of direct methods and iterative methods 
which include Bayesian model updating methods and deterministic sensitivity based 
model updating techniques particularly in the real structure applications highlighting 
the current research gaps.  
2.2.4 Direct Methods 
Direct model updating methods are considered to be the earliest methods of model 
updating and front-runners of utilising these techniques were Baruch (1978) and 
Berman and Nagy (1983). The concept of the direct model updating methods is to 
make changes to the global stiffness matrix, mass matrix and damping matrix of the 
FE model in a single step and hence to derive an updated FE model that exactly 
reproduce the experimental results. Several researchers in the past successfully applied 
various forms of direct methods such as matrix update method which directly minimise 
the difference between measured and analytical matrices  (Baruch, 1978; Mares & 
Surace, 1996; Ojalvo & Pilon, 1988; Yuan & Dai, 2006) and optimal matrix techniques 
which utilize the Lagrange multipliers and perturbation matrices  (Baruch & Bar 
Itzhack, 1979; Berman & Nagy, 1983; Carvalho et al., 2007; Kabe, 1985).  However, 
in all these methods there is no reference made to the changes of the physical 
parameters of the FE model during the updating process and hence it is inevitable to 
experience large changes to the original physical parameters of the FE model which 
may lead to a loss of physical relevance of the updated model  (Levin et al., 1998). 
Due to the aforementioned drawback direct methods have been largely superseded by 
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iterative methods such as sensitivity-based methods which are capable of producing 
more physically realisable updated models.  
2.2.5 Iterative Methods 
Iterative methods are widely used in the civil engineering applications since these 
methods have more control over the model updating process and can be used to obtain 
more meaningful and physically realisable results. As mentioned earlier, iterative 
methods can be further divided into two groups as deterministic methods which 
develop only a single FE model at the end of the model updating process and Bayesian 
methods which are predominantly used to incorporate various forms of uncertainty in 
the model updating process on a statistical basis. Most popular deterministic model 
updating methods are based on sensitivity analysis which assumes that experimental 
data are perturbations of the data of original FE model  (Marwala, 2010).    
• Bayesian methods 
As mentioned earlier, in Bayesian model updating methods the uncertainty associated 
with the process of constructing a FE model of a structure is addressed as a statistical 
problem. These methods utilize the Bayesian conditional probability theory developed 
by Bayes and Price (1763) to update the prior model (prior knowledge of the model 
parameters) with the use of proof such as measurements and observations. To achieve 
this in structural dynamics, deterministic structural models are embedded within a set 
of probabilistic models resulted in a predictable (systematic) part and a random part to 
represent the uncertainty or prediction error  (Beck & Katafygiotis, 1998). More details 
on theoretical developments of Bayesian model updating are available in the textbook 
Yuen (2010).  Eykhoﬂ (1974) is the first  to highlight the possibility of utilizing 
traditional statistical framework for model updating work and later Goodwin and 
Payne (1977), and Ljung (1987) emphasize this scheme by developing statistical 
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approaches to model updating. Beck and Katafygiotis (1998) are considered as the 
pioneering researchers in developing a comprehensive Bayesian probabilistic 
framework for structural model updating. Bayesian inference in model updating is 
often implemented in two settings by the researchers, parameter estimation and model 
selection. Parameter estimation is dealing with the plausibility of parameters, in a 
model based on measured data and utilizes the standard Bayes theorem and sampling 
methods e.g. Markov Chain Monte Carlo (MCMC)  (Ching & Chen, 2007; MacKay, 
2003; Murray, 2007; Saquib et al., 1998; Tong & Koller, 2000; Trotta, 2007). On the 
other hand, model selection concerned with the mathematical hypothesis of the ability 
of the models to predict measured quantities  (Burnham & Anderson, 2003; Mukherjee 
et al., 2006; Myung, 2000). However, these methods can often found to be complex, 
time-consuming and computationally costly processes and hence limit the applicability 
in large civil engineering applications  (Dascotte, 2003). 
• Deterministic sensitivity based model updating methods  
The deterministic model updating methods are often based on sensitivity analysis and 
considered as the most successful approach in real structure applications. These 
methods gain popularity in the civil engineering field over other methods due to their 
simplicity and computational efficacy. Based on the target responses used in the model 
updating, these methods can be further divided into two groups; (1) Methods using 
Eigenvalues and Eigenvectors (natural frequencies, mode shapes, modal damping) and 
(2) Methods using Frequency response data. Frequency response data methods were 
used by some researchers in the past  (Esfandiari et al., 2009; Fritzen & Kiefer, 1992; 
Lin & Ewins, 1990; Lin & Zhu, 2006) to overcome the issue of lack information 
provided by the small number of natural frequencies in a measured frequency range in 
Eigen methods. However, when it comes to real structure applications the use of 
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frequency response data lessen the computational efficiency of the model updating 
process owing to the fact that the real structures produce an enormously large amount 
of frequency response data. Because of this reason, Eigen methods are still widely used 
in large complex civil structures around the world.    
The Eigen methods in sensitivity based model updating found in literature can be 
categorized as automated where the model updating is carried out in an iterative 
manner and manual in which case the tuning parameters are changed manually to 
improve the initial FE models.  For the last two decades, several successful case studies 
had been reported in automated sensitivity based model updating on different types of 
civil structures, predominantly in long-span bridge structures  (Brownjohn & Xia, 
2000; Brownjohn, et al., 2003; Cismaşiu, et al., 2015; Kim, et al., 2013; Park, et al., 
2012; Zhang, et al., 2001; Živanović, et al., 2007),  and other types of structures such 
as bridge towers in  (Ding & Li, 2008; Fei et al., 2007), masonry structures  (Foti et 
al., 2012; Votsis et al., 2012) and grand-stand structures   (Saudi et al., 2009). Based 
on these studies, the special aspects of automated sensitivity based model updating has 
been identified that should be taken into account in different stages of the model 
updating process, in order to have successful results. For an example, Brownjohn and 
Xia (2000) identified that in updating cable-stayed bridges, modelling cable stays as 
3D beam elements will make the model simpler and will produce good results in model 
updating.  Saudi, et al. (2009), reported that for a cantilever grand-stand structure, in 
order to obtain more realistic model updating results mass and stiffness of all the roof 
elements and non-structural components should be included in the FE model. Even 
though there are several studies available in the literature for different types of 
structures, very few case studies had been reported on concrete buildings especially 
those with medium-rise characteristics.  Lord (2003) and Ventura, et al. (2005) , 
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conducted a sensitivity based model updating of a 15 story and a 48 story concrete 
building.  Butt and Omenzetter (2014), used upper and lower bounds for updating 
parameters to overcome this challenge and make the changes physically realisable and 
meaningful in the process of updating first three natural frequencies of a four-story 
building for seismic response evaluation purposes. However, these studies haven’t 
explicitly addressed the challenges associated with model updating of these types of 
structures such as initial modelling complexities and challenges in dealing with 
different degrees of parameter uncertainties.  
Apart from the automated model updating studies, several case studies reported the 
effectiveness of manual model updating in real structure applications. Živanović, et al. 
(2007), manually tuned the flexible support conditions of a steel box girder foot-bridge 
by trial and error procedure to reduce the error in frequencies before automatic model 
updating. A recent study carried out by  Park, et al. (2012), manually tuned the stiffness 
of the deck, flexible support conditions and stiffness of the cables of a cable-stayed 
bridge in order to obtain better results in automatic model updating.  Daniell and 
Macdonald (2007) established guidelines for the manual tuning of a cable-stayed 
bridge mainly through changing the stiffness of the deck and flexible support 
conditions. However, all the manual tuning studies reported in the past are limited to 
the structural aspects within the structure such as stiffness of the deck, flexible supports 
etc. As a result, there has been a shortage of studies on inflexible bridge structures 
(such as short- and mid-span concrete overpass structures) and assessing the influence 
of external structural components on manual model updating processes.  
In addition, there are number of tuning parameters used in the sensitivity-based model 
updating of real structures with different confidence levels, which will vary depending 
on the nature of the parameters, such as for a concrete structure mass density of 
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concrete might have a higher confidence level compared to young’s modulus of 
concrete. Few researchers in the past identified the importance of these variations in 
sensitivity-based automated model updating of real structures. For instance,  
Brownjohn and Xia (2000) analysed the results of an automated sensitivity-based 
model updating of a curved cable-stayed bridge and identified that quality of test data 
is more critical for updating the higher modes.  Živanović, et al. (2007), incorporated 
a confidence factor of ten times lower for MAC values of the mode shapes than the 
measured natural frequencies to account for the lower reliability of the mode shapes 
in comparison to measured natural frequencies, in an automated model updating of a 
foot bridge structure. However, there has been a lack of comprehensive studies on 
dealing with the actual variation of measured responses and the selection of confidence 
levels for the tuning parameters in the automated model updating process for real civil 
engineering structures. 
 
2.2.6 Model Updating for Damage Detection 
As demonstrated earlier in this chapter, successful model-based damage detection 
depends on the reliability of the FE model, thus various model updating methods have 
been developed over the past to develop such reliable models that represent the true 
behaviour of real structures.  Some researchers investigated the possibility of utilizing 
model updating techniques for damage detection by representing damage with tuning 
parameters in the model updating process. The damage in model updating context is 
assumed as a change of values in tuning parameters and optimization process in 
iterative methods are utilized to update the parameters and hence to detect, locate and 
quantify damage  (Gunes & Gunes, 2013). The following paragraphs illustrate the use 
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of iterative model updating techniques; deterministic sensitivity based model updating, 
Bayesian model updating, for damage detection in SHM research field. 
• Damage detection using deterministic sensitivity based model updating 
techniques 
The damage detection using deterministic sensitivity based model updating consists of 
two stages; initially, a reference model is developed using model updating techniques 
to represent the undamaged structure and in the second stage, the reference model 
obtained in the initial stage is updated with the measured data from the damage 
structure. The changes in the tuning parameters during the model updating are utilized 
to identify, locate and estimate the severity of the damage  (Teughels & De Roeck, 
2005). Among deterministic model updating based damage detection, the methods 
based on natural frequencies are the earliest methods utilized due to their cost-
effectiveness and efficiency in obtaining data from the actual structure compared to 
other parameters such as mode shapes and modal damping. According to the 
investigations carried out by  Casas and Aparicio (1994) on damage identification of 
a laboratory scale reinforced concrete beam, modal damping can be neglected as an 
updating parameter since the difference of damping values from the healthy state to 
damage state were negligible.  Further, these studies revealed that it is inadequate to 
use one natural frequency alone to differentiate between the changes in deformations, 
bearing conditions and cracking of elements.  Morassi and Rovere (1997) utilized first 
five torsional mode frequencies to locate induced notch type damage in a five-story 
experimental frame. The stiffness reduction of the structure due to the damage was 
utilized in the model updating and the prior knowledge of the most vulnerable areas 
for damage facilitated the successful damage locating in the above study.  Maeck et al. 
(2000) successfully identified the cracks induced in a reinforced concrete beam by 
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updating first five natural frequencies of the beam. However, for large complex 
structures with large number of DOFs it would be difficult to identify the particular 
damage patterns.  Law et al. (2001) presented a super element based approach to 
reduce the number of DOFs for large structures within a model updating based damage 
detection methodology. Although, some researchers utilized natural frequency based 
model updating methods to damage detection, the use of natural frequencies alone may 
diminish number of updating parameters and hence reduce the range of damage 
identification  (Carden & Fanning, 2004).  
Some researchers utilized modes shapes in the model updating based damage detection 
to increase the number of possible updating parameters and hence to improve the 
damage identification and locating capabilities. Several researchers successfully used 
model updating of natural frequencies of global modes and associated mode shapes 
for damage detection of laboratory scale structures;  Wahab et al. (1999) utilized 
natural frequencies and mode shapes of four global modes for locate damage in three 
RC beams,  Jang et al. (2002) utilized mode shapes of six modes to locate damage of 
a frame structure,  Cobb and Liebst (1997) identified damage of an experimental 
structure with a sensitivity based model updating and  Ghee Koh et al. (1995) identified 
damage in six storey steel frame laboratory structure.   Halling et al. (2001) utilized 
model updating of natural frequencies of three modes and mode shapes of two modes 
to identify controlled damage in a real bridge scheduled for demolition where the 
moment of inertia of  the bridge columns were used as the tuning parameter to 
represent the damage.   Moaveni et al. (2010) utilized mode shapes and natural 
frequencies to detect earthquake induced damage of a full-scale seven-story building 
section and recommended to utilize non-linear characteristics in the model updating 
since the earthquake damage can cause non-linear damage in the structure.  
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Some researchers utilized model updating based on FRFs measurements for damage 
detection  (D'Ambrogio & BEOMONTE ZOBEL, 1994; Fritzen et al., 1998; Marwala 
& Heyns, 1998) mainly because these can be directly utilized without further 
processing to identify the modal data of the structure. Further, since the FRF data 
provides abundance of information for a particular frequency range, the data can be 
utilized to improve the model updating process by developing more equations to solve 
the updating algorithm  (Lin & Zhu, 2006) which facilitate the damage detection. 
However, the large amount of data associated with FRFs proves to be difficult utilizing 
for model updating based damage detection of large scale structures.  
Even though, the researches utilized deterministic sensitivity based model updating 
methods in damage detection, the non-uniqueness of the updated models is a major 
drawback in deterministic sensitivity based model updating which affects the damage 
detection. According to  Berman (2000), since the actual structure has an infinite 
number of DOF and the FE model has limited number of DOF, there is no single 
accurate FE model and only a FE model can be obtained that sufficiently predict the 
dynamic behaviour of the real structure. Hence, when these models are used to damage 
detection, a lot of engineering judgements and assumptions about the location and the 
type of damage are needed to identify the true changes in the physical characteristics 
of the structure  (Baruch, 1997). On the other hand, as mentioned earlier, the lack of 
measures available to incorporate uncertainties within a deterministic sensitivity based 
model updating techniques would also affect the process of damage identification. 
Because, without such measures it would be difficult to distinguish a structural damage 
from uncertainties associated with experimental data and tuning parameters  
(Živanović, et al., 2007).  
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In summary, deterministic sensitivity based model updating methods have been used 
in SHM to detect damage mainly due to their efficiency and economic feasibility. 
However, the uncertainties associated with experimental results and the non-
uniqueness in deterministic model updating based damage detection should need to be 
overcome in order to apply these methods in real structure applications. 
• Damage detection using Bayesian model updating techniques 
In contrast to the deterministic model updating based damage detection approaches, 
some researchers developed damage detection methods based on Bayesian model 
updating to incorporate the uncertainties associated with modelling errors, 
environmental variations and errors due to incomplete measurements. Ching and Beck 
(2004) employed a two stage Bayesian model updating method to detect and locate 
simulated damage in an analytical benchmark model.  Yin et al. (2010) developed a 
Bayesian statistical model updating methodology to detect cracks in thin plate 
structures. The method successfully identified a single crack in a numerical model of 
an aluminium plate with few measurement points.  Huang et al. (2012) developed a 
methodology based on Bayesian model updating coupled with natural frequencies and 
mode shape based approach to detect damage in an analytical two span Aluminium 
beam.  Yan (2013) developed a methodology to locate damage in plate structures using 
lamb waves coupled with Bayesian model updating and demonstrated the capability 
to locate damage with a reasonable accuracy using numerical and experimental plate 
structures. A methodology to detect damage of concrete sleepers was established by  
Lam et al. (2014) utilising Bayesian model updating and verified with a full-scale test 
panel. However, to extend the methodology to real structures, further developments 
are needed in modelling rail-sleeper blast system and model class selection in Bayesian 
model updating.  Figueiredo et al. (2014) developed a damage detection method using 
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Bayesian model updating based on Markov Chain Monte Carlo (MCMC) method to 
operate under unknown and variable conditions. The method was applied for a real 
bridge structure and provided good results in detecting real world damage scenarios. 
An experimental damage identification was carried out by  Ng (2014) in beam like 
structures using guided waves and Bayesian model updating.  Lam and Yang (2015), 
developed a sub-structure based damage identification method for steel towers and 
successfully applied for laboratory scale model while  Behmanesh et al. (2015) 
developed a methodology based on Gibbs sampler to operate under changing 
environmental conditions and validated with a 3-storey laboratory model.  Fatahi and 
Moradi (2017) recently developed a multiple crack identification procedure for frame 
structures using Bayesian approach and natural frequencies as the DSF and 
successfully validated with numerical and laboratory scale structure.   
In summary, Bayesian model updating methods were effectively utilized in damage 
detection of structures with incorporating the uncertainties in the measured data and 
modelling uncertainties. However, the complexities and computational inefficiencies 
associated with these methods limited the application in damage detection of real 
structures.  
2.3 DETERIORATION ASSESSMENT 
 
As mentioned earlier in this chapter (Section 2.1), even-though much research work 
on SHM field has been devoted to safety evaluation through damage detection, 
recently life cycle assessment concepts which include deterioration assessment of 
structures have become popular among the researchers. This is because the modern 
society relies heavily on the safety and reliability of the existing civil engineering 
structures and infrastructure systems to encourage sustainable development and 
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economic growth.  It is apparent that all the infrastructure systems are vulnerable to 
deterioration due to various reasons such as cracking, aggressive chemical attacks and 
other physical damage mechanisms  (Ellingwood, 2005). In the long-term, these 
phenomena can cause detrimental effects to the structures and lead to failure in 
structural performance under serviceability mechanical loading conditions and/or 
extreme events such as natural disasters (earthquakes, cyclones) and man-made 
hazards (blasts, vehicle collisions). Hence, it is important to establish procedures to 
assess the deterioration of the structures over the serviceable life to facilitate the 
maintenance and/or rehabilitation planning processes in the modern society that 
encourage sustainable development  (Biondini & Frangopol, 2016).  
An effective deterioration assessment process should include a sufficient method to 
use the classical time invariant structural parameters to represent the deterioration 
process over its life cycle and a mechanism to account for the uncertainty in the 
measured data due to environmental variations, modelling imperfections and 
parameter variations   (Tang & Ang, 2007). Further, some researchers suggested that, 
the natural hazards that a structure undergo during the life-cycle also should consider 
in the deterioration assessment process, such as: the earthquake hazards  (Guo & Chen, 
2015), flood induced scour  (Guo & Chen, 2015; Stein et al., 1999) and closure of 
traffic lanes  (Zhu & Frangopol, 2016) on the deterioration of bridge structures. These 
phenomena suggest that the deterioration processes are complex and dependent on the 
type of structures. The main deterioration mechanisms for steel structures are fatigue 
due to operational loads and corrosion while for concrete structures, those include 
cracking and fatigue due to operational loads, chemical attacks, reinforcement 
corrosion and thermal effects  (Ellingwood, 2005).  
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Developing models to represent the complex deterioration mechanisms of structures 
are not viable because of lack of information on these deterioration mechanisms  
(Biondini & Frangopol, 2016). Even though the physical damage mechanisms are 
complex,  Biondini et al. (2004) argued that deterioration of a structure can be 
represented by a progressive reduction of materials and structural elements. Hence, for 
practical applications, the gradual reduction of cross-sectional area of structural 
elements can be utilized to represent the deterioration of steel structures due to uniform 
corrosion and cracking and erosion of concrete structures due to operational loads  
(Biondini & Frangopol, 2014).  Mori and Ellingwood (1994a) and  Mori and 
Ellingwood (1994b) established guidelines for decision making on optimum 
inspection and repair of concrete structures based on data gathered from previous 
inspections and Non-Destructive-Evaluations (NDE).  
To account for the uncertainties associated with measured data, structural parameters 
and modelling idealizations, probabilistic formulations derived from data gathered 
over a long period of time are commonly utilized in deterioration assessment of 
constructed systems.  Ellingwood and Mori (1993) used a data-base of statistical data 
of concrete degradation of concrete structures in nuclear power plants to account for 
the uncertainties in the deterioration assessment process. Similar approaches has been 
utilized for deterioration assessment of concrete girders subjected reinforcement 
corrosion by  (Frangopol et al., 1997a, 1997b) and  (Frangopol et al., 2004; Frangopol 
et al., 2001) provided a review of probabilistic based deterioration approaches in 
deterioration assessment of bridge structures. Some researchers utilized Bayesian 
model updating techniques to deal with the uncertainties, predominantly to quantify 
modelling errors  (Beck & Yuen, 2004; Park et al., 2010) which facilitates the 
deterioration assessment of constructed systems.  Enright and Frangopol (1999) 
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utilized Bayesian model updating to account for the uncertainties in the data obtained 
from NDEs and visual inspections in the deterioration assessment of bridge structures. 
Further, Wang and Liu (2010) utilized Bayesian model updating to incorporate 
deterioration processes in bridge structures. Zhu and Frangopol (2013) utilized 
Bayesian model updating for deterioration assessment of ship structures subjected to 
wave induced load effects. The common component of above mentioned deterioration 
assessment methodologies is that they are based on a data base developed with visual 
inspections and NDEs to identify the deterioration processes and/or patterns of 
constructed systems.  
Even-though these methods are widely used in common practise, establishing a data 
base and maintaining over a long period of time is an onerous and costly task. Further, 
as mentioned earlier, even though Bayesian model updating techniques are efficient in 
dealing with uncertainty, these methods often found to complex which will reduce the 
applicability in real structures. Hence, developing a more simple yet comprehensive 
deterioration assessment methodology will facilitate the applicability of such 
procedures in wide range of civil engineering applications. Further, most of the above 
mentioned deterioration assessment methodologies were developed for bridge 
structures and no studies were available for deterioration assessment of bridge 
structure. Hence, in this research a novel deterioration assessment methodology will 
be developed for building structures equipped with continuous monitoring systems. 
This method will not rely on a data base for the deterioration assessment and hence 
can be considered as a less complex, efficient alternative for the currently available 
deterioration assessment methodologies.    
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2.4 CONCLUDING REMARKS 
From the above literature review, the following observations and knowledge gaps are 
evident. Some of the knowledge gaps will be addressed in this research.   
On Structural Health Monitoring; 
• Safety evaluation through damage assessment has been a very popular area 
for many decades in SHM field and numerous damage detection methods 
have been developed over the past. These damage detection methods can be 
categorized as model-based global techniques which rely on numerical 
models to detect damage, model-less global techniques which operate solely 
without numerical models and model-less decentralized techniques. Main 
drawback of model-less global damage detection techniques is identified as 
the requirement of large amount of computational power to process data and 
hence inefficient in damage detection of large structures. Even-though 
decentralized damage detection techniques are capable of efficient data 
processing these techniques are local which rely on global damage detection 
methods to identify the damage site. Hence, model-based damage detection 
techniques are still utilized heavily in large and complex real structure 
applications despite the fact that accuracy of these methods depend heavily 
on the numerical models. Because of this reason, model updating has been 
a popular concept in SHM field, which has been utilized to develop reliable 
numerical models (Mostly finite element models), predominantly to 
facilitate model-based damage detection.  
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On FE model updating; 
• FE model updating methods can be categorized as direct methods (one step 
procedures that directly update the global stiffness/mass matrices) and 
iterative methods which are further subdivided as deterministic sensitivity 
based methods (develop only a single FE model at the end of the model 
updating process) and Bayesian methods (incorporate various forms of 
uncertainty in the model updating process on a statistical basis) 
• Compared to other model updating techniques, deterministic sensitivity 
based model updating methods are very popular in real structure 
applications due to their simplicity and computational efficacy and yet able 
to produce reliable updated FE models. However, most of the real structure 
applications are on flexible structures and very few applications can be 
found in inflexible structures which are often associated with complicated 
initial modelling and different degrees of parameter uncertainties leading to 
real challenges for the users to establish satisfactory initial FE models as 
well as appropriate updating parameters and ranges 
• In most deterministic sensitivity based model updating studies carried out 
in the past there were no measures to incorporate different degrees of 
uncertainties in response data and various levels of confidence values in 
tuning parameters in the model updating process which is a drawback  of 
deterministic sensitivity based model updating compared to its counterpart 
Bayesian model updating 
• Both sensitivity based deterministic methods and Bayesian model updating 
methods have been utilized to damage detection in SHM. Even-though 
Bayesian methods effectively incorporate various forms of uncertainty in 
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the model updating process which facilitate accurate damage detection, the 
complexities associated with these methods can often lead to difficulties in 
real structure applications. In deterministic sensitivity based methods, 
uncertainties associated with experimental results and the non-uniqueness 
in the model updating need to be addressed in order to apply these methods 
in real structure applications.  
• Even though deterministic sensitivity based model updating methods are 
widely used for model updating of real structures, these methods are yet to 
be implemented in deterioration assessment due to the lack of measures 
available to incorporate uncertainties in the response data   
On deterioration assessment; 
• Recent evolution of sustainable design and life-cycle performance concepts 
have created a demand for research on deterioration assessment of civil 
constructed systems for the purposes of preventive maintenance and hence 
to increase the life-span 
• A successful deterioration assessment method should include mechanisms 
to represent the deterioration process of a structure using structural 
parameters and a system to incorporate uncertainty of measured data, model 
imperfections, and parameter variations. Most of the recent research 
developments in deterioration assessment are based on probabilistic models 
including Bayesian model updating methods because of their ability to 
incorporate uncertainties in the model updating process. However, the 
complexities associated with these methods, in-terms of maintaining a data-
base of previous deterioration data and computational inefficiencies prevent 
them from been explicitly used in real structure applications.  
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Chapter 3: Development of Initial Finite 
Element Models 
This chapter outlines the development of initial FE models for sensitivity based 
deterministic model updating of real structures. First, the idea of developing initial FE 
models for model updating is introduced in section 3.1. Second, the information on the 
two benchmark structures adopted in this study is presented which includes, a brief 
introduction, the details of vibration sensor systems and a brief description about the 
OMA of the two structures (section 3.2). Section 3.3 of the chapter provides details on 
the FE modelling procedure for the two benchmark structures. Section 3.4 provides 
the summary of findings of this chapter.  
3.1 BACKGROUND 
With the recent advancements in computer technology and development of powerful 
software FE modelling has become a popular numerical modelling method to develop 
physics-based analytical models. In the field of structural engineering FE models are 
explicitly used in the design phase to analyse the performance of the structures for 
serviceability limit state conditions such as deflections/deformations and ultimate 
conditions such as bending, shear and axial performance of structural elements under 
extreme events. However, as previous chapters have outlined the applications of FE 
modelling are not limited to design phase and recently they are widely used in SHM, 
deterioration assessment and life-cycle management purposes of real civil structures. 
The development of FE models for aforementioned applications need particular 
consideration compared to the design-phase FE models, especially for inflexible 
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structures which are generally associated with complexities in structural detailing 
and/or boundary conditions. Hence this chapter attempts to address this need by 
developing FE models of two benchmark structures at QUT which can be considered 
as relatively inflexible structures for model updating highlighting the especial points 
in developing FE models for model updating purposes which can be used as guidelines 
in future applications. 
3.2 DESCRIPTION OF QUEENSLAND UNIVERSITY OF TECHNOLOGY 
–STRUCTURAL HEALTH MONITORING BENCHMARK 
STRUCTURES 
3.2.1 Queensland University of Technology-Structural Health Monitoring 
Benchmark Building 
The QUT-SHM benchmark building is a part of the newly constructed Science and 
Engineering Centre (SEC) complex at Queensland University of Technology premises 
in Gardens Point Campus Brisbane Australia. This complex is one of the landmark 
green buildings in Brisbane city with a 5-star Green rating obtained from the Green 
Building Council of Australia. Apart from being a main teaching and research facility, 
SEC is also comprised of a giant digital lab named “the Cube” 
(www.thecube.qut.edu.au) with a two-story interactive digital learning and display 
screen and several other digital science spaces. 
In civil engineering aspects, the SEC complex comprises two 10-level buildings 
(named Y and P). P block is the main building of the complex which consists 6 upper 
levels and 4 semi-underground basement levels and as shown in Figure 3-1 below, 
only 8 levels are visible from this perspective view, since two levels are below the 
ground level on the two visible sides.  As illustrated in Figure 3-1, the structure 
equipped with three major monitoring systems namely (1) vibration monitoring 
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system; (2) structural monitoring system; and (3) subsurface monitoring system 
(Nguyen, et al., 2015). As illustrated in Figure 3-1, in the main building of SEC 
complex (P block) there are six analogue tri-axial accelerometers and two single-axis 
accelerometers all with +/-2g input range and 2V/g sensitivity installed to capture the 
vibration responses of the structure. The sensors are located on the upper part of the 
building, as the upper part of the building is globally more sensitive to the ambient 
excitation sources such as wind loads and human activities. Due to the restrained 
budget for the project the available number of sensors are limited, and hence sensor 
positioning was carefully designed to capture sufficient modal information. In the 
structure, each floor level was assumed as a rigid body and the horizontal movement 
of each level can be described with two horizontal displacements and one deformation 
angle  (Structural Vibration Solutions A/S, 2011b) and hence a minimum of two 
sensors can be used at two adjacent corners of the floor (one tri-axial accelerometer 
and one single axis accelerometer) can be used to capture the modal information. More 
details about the sensor details and positioning of the P block structure can be found 
in Nguyen et al. (2015).  
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Figure 3-1 View of P block and sensor locations 
In structural engineering perspective, P block is a concrete frame structure with post-
tensioned slabs and reinforced concrete columns. The building has a rather common 
level configuration with four semi-underground bases consisting of the lowest four 
levels. Dimensions of the first four levels are approximately 75m x 65m. In the upper 
floor levels, it has a smaller floor area with approximate dimensions of 65m x 45m.  
The total height of the building is 42m from the formation level of the building. The 
floor height of the building varies in the range 2.7m to 4.5m. Even though the structure 
has an overall common floor configuration when it comes to structural detailing it has 
a number of variations in terms of slab thicknesses, slab openings, column sizes, and 
orientations. The three main shear walls are placed in the middle of the building, two 
to the east and other to the west to resist the lateral loads due to potential wind, lateral 
seismic loads and torsional forces. The level 4 layout which can be considered as a 
typical floor level are presented in Figure 3-2. 
 Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 59
 
Figure 3-2 Level 4 layout of the P block building 
Due to large measurement coverage of the monitoring systems herein, a distributed 
data acquisition (DAQ) system architecture was adopted and, for each DAQ node, a 
controller and chassis integrated system model cRIO-9074 was employed to power 
and control each sensor via an analog input module NI-9239. To synchronize multiple 
local sensor clusters, a TCP/IP command based data synchronization method was 
derived for use as a cost-effective replacement for the traditional hardware based 
synchronization schemes. Acceleration data captured from the sensors were sampled 
at a frequency of 2000Hz and then split into 30-minute subsets to allow sufficient 
undisrupted data acquisition length and total number of 60 such data sets obtained in 
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various days used for the modal analysis purposes. Data driven Stochastic Subspace 
Identification (SSI-data) with unweighted principal component estimator was selected 
as the main OMA technique for modal analysis purposes. For illustration purposes, a 
typical SSI-data stabilization diagram for OMA of the building is shown in Figure 3-
3. Even though only a limited number of sensors were available to capture the ambient 
vibration responses, six frequently excited modes of the building were extracted with 
high confidence  (Nguyen et al., 2014). The natural frequencies of the first six global 
modes, mode shape details and damping ratios are tabulated in Table 3-1 and the mode 
shapes for the five global modes extracted from OMA are illustrated in Figure 3-4. 
The damping ratios estimated for the first six modes are in the range of 1.9% - 2.1%, 
except for the second and sixth modes, which have relatively higher damping ratios of 
3.5% and 2.8% respectively.  Further details regarding the vibration sensors and data 
synchronization solutions of P block can be found in Nguyen, et al. (2015). 
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1 1.147 Hz 0.005 1st translational – X 
direction 
2 1.544 Hz 0.018 1st translational – Y 
direction 
3 1.653 Hz 0.006 1st torsional 
4 3.989 Hz 0.014 2nd translational – X 
direction 
5 4.254 Hz 0.020 2nd torsional 




Figure 3-4 Typical mode shapes of first five modes 
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3.2.2 Queensland University of Technology – Structural Health Monitoring 
Benchmark Concrete Overpass 
The concrete overpass is located at the fourth floor of the P block. It is a concrete slab 
of 375mm thickness, with a span of approximately 8.5m. The support at one end is an 
extension of the main building floor slab, while at the other end, the structure is roller 
supported on a reinforced concrete beam.   
Figure 3-5 shows an overview of the overpass and Figure 3-6 illustrates a layout of the 
overpass. This concrete overpass is equipped with two tri-axial analogue 
accelerometers positioned in the middle of the two unsupported edges as shown in  
Figure 3-5. Additionally, two single axis accelerometers were placed at quarter and 
three quarter spans to measure the vertical motion. 
 
Figure 3-5 An Overview of the concrete overpass with sensor locations 
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Figure 3-6 A layout of the concrete overpass 
 
Figure 3-7 Ambient vibration testing of the concrete overpass 
 
Even though the structure is inflexible, the number of sensors is limited and the 
ambient vibration conditions are quite challenging, the first two modes of the structure 
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correlation purposes with the FE models in this chapter and model updating purpose 
in the following chapter.  
 
Figure 3-8 Typical wireless sensor utilized for ambient vibration testing  
 
The Figure 3-9 and Figure 3-10, shows the mode shapes for the first model and second 
mode respectively, the first mode is a first order bending mode (natural frequency of 
14.88Hz) whilst the second one is a first order torsional mode (natural frequency 
23.01Hz).  
 
Figure 3-9 Mode shape for the 1st mode of concrete overpass 
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Figure 3-10 Mode shape for the 2nd mode of concrete overpass 
 
3.3 DEVELOPMENT OF THE INITIAL FINITE ELEMENT MODELS 
3.3.1 Queensland University of Technology –Structural Health Monitoring 
Benchmark Building 
As mentioned earlier, development of FE models for model updating purposes and 
hence to represent the real structure deviates from conventional FE modelling often 
used in the design phase.  The level of detailing used in the FE model and/or the use 
of different structural conceptualization techniques (such as fixities of structural 
elements), might have a considerable effect on the dynamic characteristics of the 
developed FE model and hence affect the correlation of OMA results. To study these 
phenomena for the P block structure, initially the results of a simple FE model 
developed based on the design drawings and used in the design phase of the structure 
was checked against the OMA results. To identify the correct mode shapes, firstly, 
correlation of frequency values, MAC values, overlaid mode shape animations and 
order of modes were utilized and then, to confirm those identified modes, modal mass 
participation ratios for each global mode is utilized in this research.  The comparison 
of the natural frequencies of the first three global modes of the simple FE model and 
OMA results are tabulated below in Table 3-2. 
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Table 3-2 Comparison of the natural frequencies of the first three global modes 
simple FE model Vs OMA 
Mode No Natural frequency – FE model Natural frequency - OMA Error  
01 0.590 Hz 1.147 Hz -48.56% 
02 0.952 Hz 1.544 Hz -38.34% 
03 2.479 Hz 1.653 Hz 49.97% 
04 2.829 Hz 3.989 Hz -29.08% 
05 3.484 Hz 4.254 Hz -18.10% 
 
As shown in Table 3-2, the error in-terms of natural frequencies for the first three 
global modes were close to 50% which is beyond the acceptable limits and the dynamic 
properties of the simple model cannot be used to represent the dynamic characteristics 
of the actual structure. Further, the model is not suitable for model updating as the 
error is significant, hence an attempt to match the FE model results with OMA results 
may cause significant changes to the original FE model and a loss in physical 
meaningfulness of the updated FE model. The above results exhibit the demand of 
developing more detailed FE models for the model updating applications. Hence, the 
deficiencies were identified in the simple FE model and accounted in the development 
of initial FE models for the P block structure. Commercially available FE software 
package SAP2000 has been used  (CSI, 2010) for the FE modelling of the P block 
structure. The deficiencies addressed in the development of the initial FE models are 
summarized below which can be used as a guidance in similar studies carried out in 
the future. The common considerations taken during the development of all three 
initial FE models are summarized below; 
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• To enable the torsional behaviour of the FE models to be as close as possible to 
the real structure detailed modelling is considered when modelling the shear cores 
taking into account major and minor openings and internal thin walls 
• To maintain the rigid behaviour of floor levels, floor diaphragms are assigned to 
each floor level 
• The spandrel beams are modelled as shell elements instead of commonly used 
frame elements  
• The non-structural components (NSCs) are not included in the FE models. 
Although some previous research outcomes revealed that non-structural partitions 
might have a significant effect on the vertical dynamic behaviour of the individual 
floor systems of multi-story buildings  (Devin et al., 2015; Petrovic & Pavic, 2011), 
initial investigations for the structure block building herein exhibit that the effect 
of mass and stiffness of NSCs was negligible on the global behaviour of the overall 
structure. 
• Average slab thicknesses are considered in the FE models; since the building 
consists of complex interior slab configurations which make it very complicated 
to model the floor slabs in detail. This can be justified since in the automated model 
updating floor slab thickness can be used as an updating parameter to account for 
the simplifying assumptions used in the initial FE models. 
Apart from the importance of using appropriate detailing in developing initial FE 
models it is also critical to utilize proper structural conceptualization techniques such 
as fixities of structural elements  (Brownjohn et al., 2000). Hence to choose sufficient 
structural conceptualization technique for the P block structure three different initial 
models are developed based on different fixities of the four semi underground 
basement walls of the structure and the FE models for each conceptualization are 
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shown in Figure 3-11 to Figure 3-13. As illustrated in the first model (Figure 3-11) no 
fixities are considered in any basement level, in the second model (Figure 3-12) fully 
fixed condition is used in all four basement walls and in the third model (Figure 3-13) 
fully fixed condition is used in horizontal basement walls up to level 3. 
 
Figure 3-11 Structural conceptualization of initial FE models –FE model 1 
 
Figure 3-12 Structural conceptualization of initial FE models –FE model 2 
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Figure 3-13 Structural conceptualization of initial FE models –FE model 3 
 
The natural frequencies and modes shapes obtained from the OMA and all three FE 
models are compared to identify the most appropriate analytical model for the 
automated model updating. The first five lateral and torsional modes were used for the 
correlation analysis and for the global mode shape correlation, modal assurance 
criterion (MAC) is used which is a measure of the squared cosine of the angle between 
two mode shapes  (Pastor et al., 2012). To compute the MAC values between an 
analytical (indexed by subscript ‘a’) and experimental mode shape (indexed by 
















=ΨΨ                                                         Equation 3-1                                                                                              
The size of the mode shapes in calculating MAC values are the number of measured 
degrees of freedom and predicted degrees of freedom from rigid body theory in OMA. 
The FE model nodes in those measured/predicted nodes are used for correlation 
purposes. Comparison of the frequencies and mode shapes of OMA results with initial 
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FE model 1, FE model 2 and FE model 3 are presented in Table 3-3 and Table 3-4 
respectively; By analysing the correlation data of all three analytical models it is clear 
that although FE model 3 has better correlation in terms of frequencies for some modes 
(modes 1,2 and 4), FE model 1 which has no fixities in the basement levels has the 
best overall correlation in terms of both the frequencies and mode shapes for all five 
modes. Therefore, FE model 1 is chosen as the initial FE model to represent the real 
structure and for the model updating purposes describe in the following chapters.  
FE model 1 consists of 1400 frame elements (since the floor system of the building 
consists of only post-tensioned slabs all the frame elements represent the columns in 
the building) and 8000 shell elements (for slabs-5680 and shear walls -2320). All of 
the first five modes are global, and in the range of 0.990 Hz to 4.972 Hz. The 
description for the mode shapes of the first five global modes are as follows; 
• Mode 1- 1st order translational in X direction 
• Mode 2- 1st order translational in Y direction 
• Mode 2- 1st order torsional mode 
• Mode 4- 2nd order translational in X direction 
• Mode 5- 2nd order torsional mode 
As shown in Table 3-3, for FE model 1 largest error for the frequencies is 16.88 %. 
However, MAC values of FE model 1 (presented in Table 3-4) have below par values 
for some modes (mode 2 and mode 3). This is due to the inherent difference between 
the FE model and the actual structure at these particular modes and the complexities 
of the structure’s details and boundary conditions as well as measurement 
uncertainties. The Figure 3-14 shows the associated mode shapes for the first five 
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global modes of the chosen initial FE model (FE model 1) for further applications 
which are described in the following chapters.  


















































FE model 1 FE model 2 FE model 3 
1 89.9% 80.3% 88.9% 
2 50.5% 11.1% 36.9% 
3 42.5% 12.8% 35% 
4 63.2% 52.5% 59.2% 
5 68.4% 30.2% 59.7% 
 
 72 Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 
 
Figure 3-14 Initial FE model 1 of the building and mode shapes of its first five modes 
 
 
Mode 1 @ 0.990 Hz 
Mode 2 @ 1.452 Hz Mode 3 @ 1.678 Hz 
Mode 4 @ 3.680 Hz Mode 5 @ 4.972 Hz 
FE Model 
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3.3.2 Queensland University of Technology –Structural Health Monitoring 
Benchmark Concrete Overpass 
As mentioned earlier, the concrete overpass is located at level 4 of the P block. As the 
structure has complex boundary conditions at the two supporting ends with one side is 
a continuation of the level 4 slab and the other end is resting on a RC beam, these 
complexities should be accounted in the development of FE models. Hence, to model 
the two supporting ends single link spring elements with translational and rotational 
spring stiffness coefficients have been used in the FE model. In the support that is a 
continuation of the floor slab; large stiffness coefficients were used to account for the 
inflexible nature of the support whilst for the other end rotational stiffness values were 
set to zero to represent the simply supported behaviour. The concrete deck is modelled 
with thin shell elements and used a relatively fine mesh to facilitate an even load 
distribution. The FE model developed using SAP2000 software package consists of 
361 shell elements which were used to model the concrete deck and 26 spring elements 
used to idealise the boundary conditions. A three-dimensional view of the developed 
FE model is shown in Figure 3-15. 
 
Figure 3-15 3-Dimensional FE model of the concrete overpass 
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Since only the natural frequencies and the mode shapes of the first two global modes 
are available for the real structure through OMA, only two modes are obtained for the 
developed FE model through modal analysis. The Table 3-5 provides the details of 
these two global modes including the correlation results with OMA results of the test 
structure in-terms of the error in natural frequencies and MAC values of the mode 
shape pairs whilst Figure 3-16 illustrates the typical animation of the two mode shapes 
of the concrete overpass. 






Initial FE model 
Frequency 
Error  MAC 
value  
01 First order 
bending mode 
14.88 Hz 13.10 Hz -11.96% 86.4% 
02 First order 
torsional mode 
23.01 Hz 21.86 Hz -4.96% 74% 
 
Figure 3-16 Animation views of mode shapes of the concrete overpass 
  
Mode 1 @ 13.10 Hz Mode 2 @ 21.86 Hz 
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3.4 SUMMARY  
This chapter presented the development of initial FE models for the two benchmark 
structures (P block and the concrete overpass) at QUT to establish guidelines for 
developing initial FE models for model updating and/or reliability assessment 
purposes of real structures with inflexible characteristics. The chapter commenced 
with an introduction on each structure followed by a brief description on the OMA 
results and finally dynamic characteristics were compared with those from the 
developed FE models. Through analysing different FE models with different degrees 
of detailed modellings and boundary conditions of the building, it was seen that simple 
FE models such as those used in the preliminary design tend to be inadequate for 
medium rise complex buildings and the use of such models can lead to very large errors 
in both numerical-experimental correlation and parameter tuning processes. Next, it 
was shown that all possible boundary modelling options for these types of structures 
should be carefully evaluated against each other and against real test data so that one 
can find the most appropriate initial model. Even though the established procedures 
facilitated to obtain the most appropriate initial FE models, the results should be further 
improved in order to represent the behaviour of real structures. The next chapter 
describes the establishment of sensitivity based model updating procedures to 
minimise the discrepancies in the results between the chosen initial FE models and 
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Chapter 4: Sensitivity based Model 
Updating of Real Structures  
This chapter presents the development of comprehensive deterministic sensitivity 
based model updating methodologies and implementation to minimise the identified 
discrepancies of the developed initial FE models in Chapter 3. The background 
information is provided in section 4.1 to highlight the need for the developments 
presented in this chapter. Section 4.2 describes the methodology for both automated 
and manual forms of the deterministic sensitivity based model updating. In section 4.3, 
application of automated model updating procedure and results of P block are 
presented while the application of manual model updating procedure and results of the 
concrete overpass described are presented in section 4.4. The last section (section 4.5) 
provides the summary of findings of this chapter.  
4.1 BACKGROUND 
As illustrated in chapter 3, with careful considerations in terms of structural detailing 
and structural conceptualizations most appropriate initial FE models can be developed 
for real structures. However, due to the inherent simplifying assumptions and 
structural idealizations in terms of structural geometry, materials and boundary 
conditions in the commercially available FE software, it is unavoidable to experience 
differences between the FE data and OMA data obtained from the real structures  
(Jaishi & Ren, 2005). Model updating is carried out by adjusting the mechanical, 
material and geometrical properties of structural elements in the FE models to reduce 
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these differences and obtain FE models that represent the characteristics of the real 
structures in a more desirable manner.  
As emphasized in chapters 1 & 2, among many model updating methods available, 
deterministic sensitivity based model updating has been very popular in real structure 
applications for the last two decades. These methods can be either manual which are 
often utilized in relatively small structures or automated which are normally used for 
large structures where the number of uncertainties are enormous and hence extremely 
difficult to use manual model updating for a successful model updating. As depicted 
in earlier chapters there is a need to develop comprehensive deterministic sensitivity 
based model updating procedures for inflexible structures which are often associated 
with complexities and difficulties in terms of structural characteristics which leads to 
complications in successful model updating.  
4.2 METHODOLOGY OF SENSITIVITY BASED MODEL UPDATING 
The main aim of this section is to provide the theory and methodology of the 
deterministic sensitivity based model updating procedure developed in this study. The 
important aspects in developing a comprehensive methodology will be described in 
each step and elaborated with the application to the developed initial FE models in the 
previous chapter. 
The initial step of the sensitivity based model updating is to conduct a correlation 
analysis between the initial FE model and the test structure to identify the 
discrepancies in the FE model. The correlation analysis can be carried out for various 
structural characteristics which can be dynamic and/or static. Most popular dynamic 
characteristics used in sensitivity based model updating are natural frequencies and 
mode shapes of the global modes of the structure whereas the static characteristics 
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include deformations and stresses in structural components.  The importance of using 
sufficient detailing and appropriate structural conceptualizations, to obtain a suitable 
FE model for model updating has been illustrated in Chapter 3. A comparison of model 
updating results using a simple model and the initial models developed in this research 
will be utilized later in this chapter to further highlight the importance of the 
developments in this methodology. 
The next step is to select appropriate responses and tuning parameters for the model 
updating. According to Brownjohn and Xia (1999), successful model updating 
depends on choosing correct number of responses and appropriate selection of 
updating parameters. In the civil engineering applications, often the structural 
characteristics used in the correlation analysis are used as the responses in the model 
updating processes. Some researches utilized part of the characteristics used in the 
correlation analysis for model updating purposes and the remainder for the validation 
purposes of the updated results. As stated earlier, selection of appropriate updating 
parameters is vital for a successful model updating. Selected updating parameters 
should be physically realisable; hence the chosen parameters should be uncertain in 
the FE model. Otherwise, the updated model will produce physically meaningless 
updated parameters. Further, it is necessary to select the updating parameters that are 
most sensitive to the selected responses  (Brownjohn & Xia, 2000). Hence, sensitivity 
analysis is used to choose the appropriate parameters for the model updating. 
Normalised relative sensitivities are often used for the sensitivity analysis if the 
parameters chosen for the model updating are of different types which are described 
below from equation 4-1 to 4-3. 
The relative sensitivity matrix [ ]rS  is a rectangular matrix of order nm×  where m and 
n are the number of target responses and parameters, respectively.   
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Sr  is the sensitivity of the target response iR  due to the change in tuning parameter 
value jP  and the operator δ represents the change in the variable while ][Pjj is the 
diagonal square matrix holding the tuning parameter values. The forward finite 
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)(PR ji  is the ith response value for the parameter value jP  and )ΔP(PR jji +  is the 
response of the ith response value when the parameter value changes by jΔP . Then the 
sensitivity matrix is normalized with respective to the response value as shown in 
equation 4. 















== −−                                         Equation 4-3                                                                                                                                                                                             
[ ]nS  = Normalized relative sensitivity matrix; 
[ ]iR  = A diagonal, square matrix holding the response values 
Once the target responses and the tuning parameters are selected, the model updating 
is carried out either manually and/or automatically in an iterative manner. Often 
manual model updating is successful with relatively small structures with less number 
of target responses and tuning parameters whilst for relatively large structures 
automatic procedures are being utilized to obtain better results. In manual model 
updating the values of the tuning parameters are changed manually and observe the 
response of the updated FE model whereas in an automated process an updating 
algorithm is used coupled with optimization procedure which runs in an iterative 
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manner until a certain outcome is achieved. In the automated model updating, 
sensitivity-based parameter estimation coupled with pseudo-inverse parameter 
estimation is used as the updating algorithm. The functional relationship between the 
modal characteristics and the structural parameters can be expressed in terms of a 
Taylor series expansion limited to linear terms.  
}){}]({[}{ 0PPSCR ue −+=                                                                         Equation 4-4                                                                                                                                                                          
}]{[}{ PSR ∆=∆                                                                                          Equation 4-5                                                                                         
}{ eR  = Experimental data 
}{ aR  = Predicted system responses for a given state }{ 0P  of the parameter values 
}{ uP  = Updated parameter values 
Since the Taylor’s expansion is truncated after the first term, the neglected higher order 
terms necessitate several iterations, especially when }{ R∆  contains large values. 
Pseudo-inverse of the sensitivity matrix is calculated to determine the desired 
parameter variation.  
 }{][])[]([}{ 1 RSSSP tt ∆=∆ −                                                                        Equation 4-6                                                                                         
The least squares solutions obtained from the above equation will minimize the 
residue: 
}{}]{[}{ RPSresidue ∆−∆=                                                                        Equation 4-7                                                                                         
Since, in the model updating process it is difficult to control the parameter variations, 
parameter sets based on element types and upper/lower bounds for the tuning 
parameters are introduced in the developed methodology to limit the parameter 
variations. Further, a novel parametric study based approach is introduced to identify 
the optimal boundary limits for tuning parameters that are specific for a particular case 
study.  
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As mentioned earlier in this chapter, automated model updating is used for the P block 
and manual model updating is utilised for the concrete overpass. The process chart for 
the developed deterministic sensitivity based model updating procedure is illustrated 
in Figure 4-1 . 
 
Figure 4-1 Process chart for the sensitivity based model updating 
4.3 APPLICATION ON QUEENSLAND UNIVERSITY OF TECHNOLOGY 
–STRUCTURAL HEALTH MONITORING BUILDING 
4.3.1 Sensitivity Analysis, Response and Tuning Parameter Selection 
Initially, all the possible uncertain parameters were used in the selection of local 
elements for the model updating, and through normalized sensitive analysis process 
described earlier low sensitive parameters were eliminated for a more effective 
updating process. In structural modelling, there are always uncertainties associated 
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conditions of the structure. However, the uncertainties in boundary conditions such as 
arbitrary structural configurations and variations at the boundaries are difficult to deal 
with-in an automated model updating of large civil engineering structures. Hence in 
the automated model updating of P block only the parameters that can be 
systematically coped are considered for sensitivity analysis and later for automated 
model updating. 
The uncertain parameters included in the sensitivity analysis are Young’s modulus and 
mass density of all local elements (9400 local elements each), cross-sectional area, 
torsional stiffness, bending moment of inertia about Y direction and Z direction of all 
columns (1400 local elements each) and shell thickness of floor slabs (5680 local 
elements). Hence, the total parameter space used for the sensitivity analysis is 30080 
local parameters. 
Then through normalized sensitivity analysis, sensitive local elements for each 
response are identified and selected for the automated model updating. The parameter 
sets are defined in order to make the model updating more realistic and meaningful. 
For an example, for the selected parameters for columns of the P block (frame 
elements), sets are defined based on individual columns, except for the shell thickness. 
No sets are used for the shell elements and in automated model updating variations in 
local shell elements are allowed. As stated in chapter 3, since the actual internal 
variation of slab thickness is very difficult to model, in most cases average slab 
thicknesses are used in the initial FE model. Hence, it is justifiable to allow variation 
of slab thickness in shell element level. Summary of all the sets defined for the 
identified high sensitive elements is presented in Table 4-1.  
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Table 4-1 Parameters space and parameter sets for the model updating 
Tuning 
parameter 
Parameter Space Parameter Set 
 Element type Number of elements 
Young’s 
modulus (E) 
All elements  9400 [For frame elements] 
(1) Individual columns 
[For shell elements] 
(2) Individual walls 
(3) Slabs in each level 
Mass density-
ρ 
All elements  9400 [For frame elements] 
(1) Individual columns 
[For shell elements] 
(2) Individual walls 





















Z - IZ 
Frame 
elements  






5680 (slabs only)  None 
  30080 (Total)  
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4.3.2 Model Updating Procedure 
After selection of responses and parameters, automated model updating described 
earlier in section 4.2 is carried out. The selected parameters are estimated by an 
iterative process in the updating procedure. In order to obtain physically realisable and 
meaningful values for updating parameters upper and lower bounds are used in the 
updating procedure. If a parameter reaches its allowable maximum/minimum value 
during any iteration, the parameter will be made inactive for the rest of the model 
updating. Initially, 15% upper and lower bounds are implemented for all the selected 
parameters. 
The automated updating process will be stopped when a given residue value is 
achieved, or a given minimum improvement between two consecutive iterations is 
achieved or maximum number of iterations achieved. In this study, number of sample 
iterations were conducted to identify the optimum values for the above-mentioned 
criteria considering the convergence of the results and the computational efficiency. 
Based on those iterations, the below mentioned values have been chosen for the model 
updating study, since the use of more precision in values will only reduce the 
computational efficiency significantly while achieving negligible improvement in the 
convergence of results.   
• Minimum residue value is 0.1% 
• Minimum improvement between two consecutive iterations 0.01% 
• Maximum number of iterations 100 
The results after 33 iterations (stopped due to the minimum improvement between two 
consecutive improvements falls below the established value of 0.01%), a comparison 
of frequencies and MAC values after model updating and before model updating are 
summarized in Table 4-2 and Table 4-3 respectively. Even though, in Table 4-2 it can 
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be seen some improvement in frequencies, there is a significant drop of the MAC 
values of mode shape pairs 4 and 5 as shown in Table 4-3.  
Table 4-2 Comparison of natural frequencies before and after model updating 
Mode No FE model before FE model after 
Frequency Error Frequency Error 
1 0.990 Hz -13.69% 1.041 Hz -9.24% 
2 1.452 Hz -5.96% 1.526 Hz -1.17% 
3 1.678 Hz 1.51% 1.705 Hz 3.15% 
4 3.680 Hz -7.75% 3.835 Hz -3.86% 
5 4.972 Hz 16.88% 3.889 Hz -8.58% 
Table 4-3 Mode shape pairs before and after model updating (15% parameter 
change) 
Mode Shape Pair MAC Before Model 
Updating 
MAC After Model 
Updating 
1 89.9% 89.0% 
2 50.5% 67.2% 
3 42.5% 50.9% 
4 63.2% 36.6% 
5 68.4% 34.7% 
 
Since such MAC values cannot be considered as acceptable, a parametric study has 
been introduced to find the optimum level of allowable parameter change to improve 
the results of the updated FE model. Here the shell thickness has been chosen as the 
parameter for the parametric study, as according to the outcome of the sensitivity 
analysis, not only it is sensitive to all the responses but also it has the highest sensitivity 
for all the selected responses. In the parametric study, upper and lower bounds of all 
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the responses except shell thickness (H) are kept at 15%. For the shell thickness, upper 
and lower bounds are changed from 15% - 45% with an interval of 7.5%. Figure 4-2  
illustrates the relationship between error in frequency (against OMA frequency) and 
the change in upper and lower bounds for shell thickness, whereas Figure 4-3 shows 
the variation of MAC value for each mode shape with the change in upper and lower 
bounds of the shell thickness. 
 
 
Figure 4-2 Error in frequency (against OMA frequency) Vs change in upper and lower 
bounds for shell thickness 
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Figure 4-3 MAC values Vs change in upper and lower bounds for shell thickness 
 
The frequency error for most of the modes is minimum when the percentage variance 
allowable in shell thickness is 30% (Figure 4-2) and ideally the MAC values of all the 
mode shape pairs reach highest value at the same allowable variance in shell thickness 
(Figure 4-3). Hence, this scenario has been chosen as the updated physics-based FE 
model to represent the actual structure. Upper and lower bounds used for all the 
parameters are tabulated in Table 4-4. Higher upper and lower bounds are used for the 
shell thickness of floor slabs to account for the use of average slab thicknesses (instead 
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Table 4-4 Parameters selected for the model updating and the implemented limits 
Parameter  Minimum Limit Maximum Limit 
Young’s Modulus (E)  -15% +15% 
Mass Density (ρ) -15% +15% 
Cross Sectional Area (AX) -15% +15% 
Torsional Siffness (IX) -15% +15% 
Bending Moment of Inertia about Y (IY) -15% +15% 
Bending Moment of Inertia about Z (IZ) -15% +15% 
Shell Thickness (H) -30% +30% 
 
4.3.3 Model Updating Results 
The automated procedure stopped after 39 iterations due to the minimum improvement 
between two consecutive improvements fallen below the established value of 0.01%. 
The updated model results are summarized in Table 4-5. The table shows the OMA 
frequencies and the FE model frequencies for both before and after updating for the 
first five natural modes. From the table it can be seen that four FE model modes match 
the corresponding OMA modes with 1.3% or less error which is considered to be an 
excellent match. The largest error is 4.6% for the first mode which is still a very good 
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FEM Before FEM After 
Frequency Error Frequency Error 
1 1.147 Hz 0.990 Hz -13.69% 1.094 Hz -4.62% 
2 1.544 Hz 1.452 Hz -5.96% 1.555 Hz 0.71% 
3 1.653 Hz 1.678 Hz 1.51% 1.657 Hz 0.24% 
4 3.989 Hz 3.680 Hz -7.75% 3.988 Hz -0.03% 
5 4.254 Hz 4.972 Hz 16.88% 4.258 Hz 0.09% 
 
The MAC values for the mode shapes are also considered in the model updating. Table 
4-6 shows the MAC values for each mode shape pair before and after updating the 
model. A graphical comparison of mode shapes of FE model and OMA is shown in 
Figure 4-4. From Table 4-6 it can be seen that there are three pairs matching with 84% 
or higher MAC values. The other two modes also have a reasonable match with over 
60% MAC values. This can be considered as an acceptable result considering the 
complexities of the structure’s details and boundary conditions as previously 
mentioned as well as the limited number of sensors used for measurement. 
Table 4-6 Comparison of MAC values for mode shape pairs before and after model 
updating 
Mode Shape Pair MAC Before Model 
Updating 
MAC After Model 
Updating 
1 89.9% 88.6% 
2 50.5% 89.4% 
3 42.5% 62.7% 
4 63.2% 62.6% 
5 68.4% 84.4% 
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Table 4-7 summarises the parameter changes after updating the FE model. Since the 
upper and lower limits are introduced to each parameter, the outcomes are realistic and 
meaningful. A variation of 15% for material properties such as the E value and ρ value 
can be allowed for certain elements of a structure from the design values due to various 
reasons such as changes of concrete batches and different compaction levels. Further, 
it is common practise to reduce the cross-section area (AX), bending stiffness in both 
directions (IY & IZ) and torsional stiffness (IX) of columns in building structures to 
limit the attraction of lateral forces to the columns and allow transfer of majority of 
lateral forces to the shear core  (Smith et al., 1991). According to ASCE 7-10 (1994) 
stiffness of vertical structural elements and vary up to 30%  for uncracked conditions. 
Hence, the maximum and minimum changes to the above mentioned parameters, in 
the present model updating study are physically realisable and meaningful. In the 
updated model, there are two aspects to justify for the shell thickness of the floor slab 
elements which are the variation limit for the thickness and the choice of no grouping 
for shell elements. The rationale of no grouping for shell element thicknesses is that 
according to the as-built drawings the slab thicknesses vary significantly in small 
portions so this type of grouping is impractical and the reason for choosing 30% 
variation limit is that in some areas actual thickness is 30% higher or lower from the 
average values used in the initial FE model.   
To highlight the importance of the model updating procedure developed in this study, 
it is worth comparing the results of this study with the results of similar cases reported 
in literature. Previous case study  (Lord, 2003; Ventura, et al., 2005)  on sensitivity 
based model updating on a 15 story building used basic initial FE models developed 
with design drawings to correlate the frequencies and associated mode shapes of first 
six global modes. The largest error in terms of frequency and maximum MAC value 
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for the mode shape pairs is 13.3% and 85% respectively as opposed to the 4.6% and 
89.4% in this case study. Further, in the aforementioned case study most tuning 
parameters achieved higher variation from the initial values such as E values of floor 
slabs 70% and I value of columns 50% which tend to cause the loss in physical 
relevance of the updated FE models. However, in this research most of the parameter 
variations were limited to 15% (including E values of floor slabs and I value of 
columns) except the shell thickness of the slabs, a higher variation (30%) is used for 
legitimate reasons.  
Table 4-7 Maximum and minimum changes to the parameters after model updating 
Parameter Initial 
Value 
Max. Value % 
Difference 









ρ 2.4 kN/m3 2.76 kN/m3 +15 2.04 kN/m3 -15 
AX Varies Varies +8.34 Varies -9.61 
IX Varies Varies +1.31 Varies -1.51 
IY Varies Varies +14.3 Varies -15 
IZ Varies Varies +10.7 Varies -4.35 
H Varies Varies +30 Varies -30 
  
To further validate the developed sensitivity based deterministic model updating 
procedure, an attempt was made to update the simple model of P block using same 
tuning parameters with commonly used model updating procedure. Comparison of 
error in terms of natural frequencies before model updating and after model updating 
are presented in Table 4-8 and MAC values of mode shapes are tabulated in Table 4-
9.  
Pair 2 @ MAC Value 89.4% Pair 3 @ MAC Value 62.7% 
Pair 5 @ MAC Value 84.4% Pair 4 @ MAC Value 62.6% 
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Table 4-8  Comparison of first five natural frequencies of the P block before and 





FEM Before FEM After 
Frequency Error Frequency Error 
1 1.147 Hz 0.590 Hz -48.56% 0.881 Hz -23.19% 
2 1.544 Hz 0.952 Hz -38.34% 1.215 Hz 21.3% 
3 1.653 Hz 2.479 Hz 49.97% 1.962 Hz 18.69% 
4 3.989 Hz 2.829 Hz -29.08% 3.522 Hz -11.70% 
5 4.254 Hz 3.484 Hz -18.10% 3.812 Hz 9.41% 
 
Table 4-9 Comparison of MAC values for mode shape pairs before and after model 
updating (simple model) 
Mode Shape Pair MAC Before Model 
Updating 
MAC After Model 
Updating 
1 67.9% 72.4% 
2 31.9% 61.8% 
3 30.6% 50.2% 
4 48.4% 55.6% 
5 46.4% 65.2% 
 
As illustrated in Table 4-8, the error in natural frequencies are varying from 9.41% to 
23.19% as opposed to 0.03% to 4.62% for the developed methodology in this chapter. 
Further, as illustrated in Table 4-6 and Table 4-7, for all the MAC values for mode 
shape pairs in the proposed methodology have good results compared to the simple 
model updating results. Further, in the simple model updating study, most tuning 
parameters achieved over 50% variation from the starting values (E values for columns 
– 75%, mass density – 60% etc. ) which tend to cause the loss in physical relevance of 
the updated FE model. Hence, the comparison of model updating results for the P block 
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structure with developed methodology in this research and normal procedure clearly 
demonstrate the importance of the methodology developed methodology in obtaining 
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Figure 4-4 Comparison of FE mode shapes of updated model and OMA mode shapes 
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4.4 APPLICATION ON QUEENSLAND UNIVERSITY OF TECHNOLOGY 
–STRUCTURAL HEALTH MONITORING CONCRETE OVERPASS 
4.4.1 Model Updating Procedure 
As with the case study of the benchmark building structure, a FE model was developed 
using SAP2000. The as-built drawings have been used in order to represent the real 
structure as accurately as possible. 
For this structure, unlike in the P block structure, a manual model updating procedure 
is used. The model developed by SAP2000 is exported to FEMtools. The FE model 
consists of 361 local elements used to model the concrete deck and 26 spring elements 
used to idealise the support boundaries. Then a sensitivity analysis is performed for 
the parameters that are likely to change during the model updating procedure. The 
same process used for the P block structure is used for the sensitivity analysis of the 
concrete overpass. The total local element count for the sensitivity analysis is 1239, 
which consists of translational stiffness of spring elements in X, Y and Z directions 
(26 × 3 = 78), rotational stiffness of spring elements in X, Y and Z directions (26 × 3 
= 78), Young’s modulus of concrete deck shell elements (361), mass density of 
concrete deck shell elements (361) and shell thickness of concrete deck elements (361) 
The sensitivity of each local element for each local parameter is tested against the 
target responses. Since only the first two natural frequencies and the associated mode 
shapes are available for model updating only four target responses are chosen for the 
sensitivity analysis purpose. They are: 
• Frequency of mode number 1 (Response 1) 
• Frequency of mode number 2 (Response 2) 
• Mode shape of mode 1 (Response 3) 
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• Mode shape of mode 2 (Response 4) 
Following this, the highest sensitive elements are figured out and tabulated for each 
parameter. The outcomes of the sensitivity analysis are then analysed against the 
likelihood of occurrence. Finally, the respective parameters of the selected elements 
are changed and the response of the FE model is observed. This procedure is repeated 
until there is a good match between the FE model and OMA results. 
4.4.2 Model Updating Results 
Figure 4-5 to Figure 4-8 show the normalized sensitivities for each local parameter of 
each local element. It is clear from the figure that the normalized sensitivities are high 
towards the end of the graph. This means that the local parameter shell thickness is the 
highest sensitive parameter for all responses, especially for the first two responses. The 
individual elements with highest sensitivities are identified. Interestingly the highest 
sensitive elements for the parameter shell thickness are in a 0.5 strip of meshed slab 
elements at the end the concrete overpass that is connected to the main building floor. 
 
Figure 4-5 Normalized sensitivities vs. uncertain parameters (Response 1) 
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Figure 4-6 Normalized sensitivities vs. uncertain parameters (Response 2) 
 
 
Figure 4-7 Normalized sensitivities vs. uncertain parameters (Response 3) 
 
Figure 4-8 Normalized sensitivities vs. uncertain parameters (Response 4) 
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A trial and error process is then carried out by changing the slab thicknesses of those 
local elements and observing the changes to the responses. Table 4-10 summarises the 
frequencies and MAC values for the first two modes before and after performing 
several trial and error processes. 





OMA Before After Before After 
Freq. Error % Freq. Error % 
1 14.88 Hz 13.10 Hz -11.96 14.30 Hz 3.90 86.4% 83.4% 
2 23.01 Hz 21.86 Hz 4.99 23.25 Hz 1.04 74% 74% 
 
Table 4-11 provides the resultant change for the shell thickness of each local element 
considered in the model updating of the concrete overpass. The table shows a 
significant change with an increase in shell thickness of 166.67% for 5 local elements 
and 300% increase for 10 local elements. However, to match with the findings of the 
manual model updating, in the vicinity of the strip of local elements considered for 
model updating in the real structure, there is a beam with a 1000mm depth for 1/3rd of 
the span and 1500mm depth for remaining 2/3rd of the span. Since the beam is not part 
of the original structure, this was not considered in the initial FE model. However, by 
using the sensitivity analysis of the structure it is found that such an adjacent structural 
component is crucial for the FE model to represent the actual structure in terms of 
modal behaviours and that the model updating process has successfully resolved this. 
For illustration purposes, the view at the particular boundary is shown in Figure 4-9 
while Figure 4-10 shows an extruded view of SAP2000 model after updating the 
 100 Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 
concrete overpass. It is also noted that there is no improvement in the MAC values for 
both the modes. As discussed in the previous case study the MAC values can be seen 
as acceptable considering the complexities of the structure’s boundary conditions and 
the limited number of sensors used for measurement. A reason for the lack of 
improvement of MAC values is that even though the shell thickness has a higher 
sensitivity for the first 2 natural frequencies, some of the local elements have a positive 
correlation and some elements have a negative correlation (refer Figure 4-7 and Figure 
4-8) for the mode shapes. The results can be further improved by conducting 
automated model updating after successful manual model tuning of the initial FE 
model  (Daniell & Macdonald, 2007; Park, et al., 2012; Živanović, et al., 2007). 
However, since the main purpose of this case is to focus only on some aspects of 
manual model updating, further improvement of the FE model through automated 
model updating is beyond the scope of the case study. 









367 375 1000 166.67 
307 375 1000 166.67 
301 375 1000 166.67 
295 375 1000 166.67 
289 375 1000 166.67 
355 375 1500 300 
349 375 1500 300 
343 375 1500 300 
337 375 1500 300 
283 375 1500 300 
331 375 1500 300 
325 375 1500 300 
319 375 1500 300 
406 375 1500 300 
405 375 1500 300 
  




Figure 4-10 Extruded view of the updated SAP model 
4.5 SUMMARY 
This chapter presented the development of deterministic sensitivity based model 
updating and successful implementation of these developments for relatively inflexible 
Figure 4-9 View at the boundary of the concrete overpass 
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structures, the P block and the concrete overpass at the Queensland University of 
Technology, Brisbane. This chapter showed that it is possible to accomplish effective 
model updating on real civil engineering structures but greater care needs to be taken 
when dealing with inflexible structures not only in automated model updating but also 
in manual model updating applications. On the one hand, it was shown that how 
parameter groups based on element types (such as columns) and reasonable 
upper/lower limits (such as 30% for slab thickness and 15% for other tuning factors 
herein) should be introduced onto the tuning parameters to maintain the physical 
relevance of the updated FE models. Further, it shown that a parametric study can be 
very useful in identifying the most suitable tuning parameter ranges for the model 
updating which can maximize the correlation of the FE model. On the other hand, 
manual model updating of the concrete overpass highlighted the importance of 
considering the external structural components in the vicinity of the main structure 
when conducting manual model updating of inflexible structures within a main 
structural system. The advantage of manual model updating is that a significant change 
can be made for certain elements if it is physically meaningful and justifiable, which 
is very useful in dealing with complex local conditions as demonstrated in the model 
updating work of the concrete overpass. 
Even though, the developed deterministic sensitivity based model updating procedures 
in this chapter were successful in producing updated FE models with minimizing the 
gap between test data and FE data, during the model updating it was assumed that the 
test data and tuning parameter data utilized in the model updating were accurate and 
reliable.  However, in the real world it is apparent that the test data are subjected to 
different degrees of uncertainty and tuning parameters are associated with various 
levels of confidence factors. Hence, these inherent uncertainties in the real structure 
  
Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 103
should be included in the model updating process to obtain updated models that 
represent the true behaviour of actual structures. The following chapter will discuss 
the development of a hybrid approach to address this need in deterministic sensitivity 
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Chapter 5: Hybrid Model Updating of Real 
Structures Incorporating 
Uncertainties  
This chapter presents the development of a methodology of a hybrid model updating 
approach that incorporates different degrees of uncertainty in the measured data and 
various confidence levels of tuning parameters in the deterministic sensitivity based 
model updating. First, background information is provided to highlight the importance 
of developing hybrid model updating procedures in section 5.1. Second, section 5.2 
provides the methodology of the hybrid model updating procedure. Third, section 5.3 
of the chapter presents the application of the developed hybrid model updating process 
to the P block and compares the results with the model updating results of the 
conventional model updating study presented in chapter 4. Finally, section 5.4 
summarises the findings of this chapter.  
5.1 BACKGROUND 
As summarized in chapters 1 and 2 most of the deterministic model updating studies 
carried out in the past including the developed model updating procedures in chapter 
4 of this thesis assumed that test data are accurate and reliable. However, in real 
structures test data can be subjected to various uncertainties such as environmental 
effects which can be observed in a structure with continuous monitoring system as 
opposed to conducting occasional vibration tests on structures. Hence the use of 
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continuous monitoring systems provides an approach to incorporate such variations in 
SHM applications. The variations and measurement errors might possibly affect the 
quality of the measured data and hence the model updating procedure. Hence, the lack 
of measures available to account for these uncertainties in deterministic sensitivity 
based model updating techniques may lead to producing updated models that do not 
represent the actual behaviour of real structures  (Mottershead & Friswell, 1993).  
Furthermore, the tuning parameters used in the deterministic sensitivity-based model 
updating have different levels of confidence depending on the nature of the parameters 
utilised. The aforementioned factors demonstrate the importance of developing 
methods to incorporate these uncertainties in deterministic model updating to obtain 
more reliable models that represent the true behaviour of real structures.  
5.2 METHODOLOGY 
In the hybrid approach presented in this chapter, model updating algorithm includes 
the use of weighting coefficients on both the tuning parameters and measured 
responses. A weighted error (ER) is derived which includes the differences in the target 
responses and numerical responses as well as the differences in tuning parameters in 
two successive iterations. Further, both the target responses and tuning parameters are 
coupled with weighting matrices based on their confidence levels which are 
determined using either statistical methods or judgment of the analyst and 
experimentalists  (FEMtools, 2014): 
{ } [ ] }{ { } [ ]{ }ΔPCΔPΔRCΔRE ptRtR +=                                                                  Equation 5-1                                                                                                         
= Difference of the responses  
= Difference of the parameters 
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[ ]PC   = Diagonal weighting matrix for parameters (see section 5.2.1 for more detail of 
these two matrices) 
The linear term of Taylor’s expansion series is used to approximate the target response 
vector eR  using the vectors 0R (original response vector), 0P (original parameter 
vector) and uP (updated parameter vector). 
)PS(PRR 0u0e −+≈                                                                                       Equation 5-2                                                                                                         
Hence, using the above linear relationship between target responses and tuning 
parameters, parameter difference ΔP  can be expressed as follows; 
)RG(RPPΔP 0e0u −=−=                                                                               Equation 5-3                                                                                                                             
[ ]G    = Gain matrix 
Matrix G is derived in such a way to minimise the error function and when there are 
more responses than parameters it is calculated as; 
[ ] [ ] [ ] [ ][ ]( ) [ ] [ ]Rtn1nRtnp CSSCSCG −+=                                                                  Equation 5-4                                                                                                                                                          











−−−− +=                                                  Equation 5-5                                                                                     
[ ]nS    = normalized relative sensitivity matrix 
Updated parameter vector can be obtained through a re-arranged equation 5-3 and 
the new response vector corresponding to the new updating parameter uP  is 
calculated from the modal analysis.  
{ } { } [ ]{ }ΔRGPP ou −+=                                                                                      Equation 5-6                                                                                                                                                
The resulting response vector and the updated parameters will be the starting vectors 
0R  and 0P   for the next iteration. This iteration process is carried out until the error 
function is minimized to a pre-determined tolerance  (FEMtools, 2014).  
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5.2.1 Derivation of Weighting Matrices for Responses and Parameters 
As mentioned above, in the equation 5-1, [ ]RC  represents a diagonal weighting matrix 
expressing the confidence in the model parameters and [ ]PC  represents the diagonal 
weighting matrix relating to the confidence in test data.  The inverse of [ ]RC   and [ ]PC  
are the co-variance matrices of measured responses and tuning parameters 
respectively. Since the parameters and the responses used in this model updating study 
are of different order and magnitude the standard deviation values should be 
normalized before calculating the covariance matrices and then the weighting 
matrices. Hence, in this study, the scatter values are obtained to calculate the co-
variance matrices. Since the scatter values are normalized with respect to the mean 
value, it is independent of the type and magnitude of the parameters used in the model 
updating process. A scatter (k) is defined as the ratio of the standard deviation (σ ) to 
the mean value ( µ ) for a given set of data samples, which is also called coefficient of 
variation in statistical terms. 
μ
σ
κ =                                                                                                      Equation     5-7                                                                                                                                         
For a tuning parameter, if k is high (low confidence level), it will result in low Cp 
values (higher values in co-variance matrix) and parameter term in the objective 
function (Equation 5-1) to be small. Hence, the objective function will be controlled 
by the response term and this will result in large parameter changes in the model 
updating process. Similarly, if a tuning parameter has low k (high CR values/ low 
values in covariance matrix), it will only change if the majority of the responses have 
an effect upon the change of that parameter which leads to small parameter changes. 
Equivalently, measured responses with low uncertainty values will have low k values 
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and drive the parameter changes during the updating process while responses with high 
uncertainties will only make an impact on the updating process if the responses with 
low k values also change the parameters in a similar way. Hence, it is important to 
identify the appropriate k values for both tuning parameters and measured responses 
to make the model updating process more realistic and meaningful. 
5.3 APPLICATION ON QUEENSLAND UNIVERSITY OF TECHNOLOGY 
- STRUCTURAL HEALTH MONITORING BUILDING 
5.3.1 Scatter in Measured Responses and Tuning Parameters 
Sixty data sets obtained from OMA results in various days are used to compute the k 
of the responses. A sample of 60 data-sets are chosen from a period ranging from 
November 2013 to February 2014 covering all times of the day (morning, afternoon, 
evening and night). The samples are chosen after the continuous monitoring system 
was in full functional state and a three months’ period has been used to observe the 
variations in environmental and operational conditions. Previous work carried out at 
QUT (Nguyen, et al., 2015) identified that three months of monitoring data is sufficient 
to identify the functional anomalies of the monitoring system and hence in this 
research three months of data is utilized to compute the k of the responses. Further, 
the earliest possible three months’ period at the initial phase of the system development 
has been chosen in this study, which will be utilized in the following chapter to 
represent the initial state of the structure for the comparison purposes with the latest 
data sets. The distribution of the natural frequencies of the first five modes for 60 data-
sets used in this study is illustrated as bar chart plots in Figure 5-1. These bar charts 
clearly show that the test data for the natural frequencies has different levels of 
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variation such as some modes are concentrated to one single value (mode 1 and mode 
3) and other modes show a range of values (mode 2, mode 4 and mode 5). Hence it is 
important to incorporate the different degrees of uncertainties in the model updating 
process to obtain updated models that represent the behaviour of the real structure. The 
scatter values of the measured natural frequencies and MAC values of associated mode 
shapes derived from the statistical analysis of 60 samples are tabulated in Table 5-1. 
To calculate the MAC values correlation analysis is carried out for each sample with 
the developed initial FE model. According to the data samples analysed, lowest k in 
terms of natural frequencies is mode 3 and mode 1 for the MAC values of the mode 
shapes, while mode 2 has the highest k value for both natural frequencies and MAC 
values. Further, the results also revealed that MAC values have a higher degree of 
uncertainty compared to the measured natural frequencies since the k values are much 
higher in the MAC values compared to the measured frequencies. Also, considering 
the combined effect of the natural frequencies and MAC values mode 1 has the lowest 
uncertainty which should have the highest priority in the model updating and mode 2 
has the highest uncertainty and the lowest priority in the model updating process. 
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Table 5-1 k values of measured frequencies and MAC values of associated mode 
shapes 




St. Dev Scatter 
(%) 
Mean (%) St. Dev Scatter (%) 
1st Mode 1.150 0.005 0.437 91.1 1.255 1.378 
2nd Mode 1.542 0.018 1.200 55.5 6.845 12.330 
3rd Mode 1.660 0.006 0.333 45.5 4.033 8.869 
4th Mode 3.989 0.014 0.351 59.3 2.801 4.726 
5th Mode 4.268 0.020 0.474 66.1 3.464 5.242 
 
Since there is no actual testing data available for the derivation of k values for the 
tuning parameters, these values have been estimated based on the engineering 
judgement. For example, according to Australian standard for concrete structures 
(Australian Standard, 2001)(Australian Standard, 2001) the E value of concrete can 
have a k up to 20% from the design values, hence 20% value was chosen as the k for 
the tuning parameter E value of concrete. In contrast, the parameters such as the ρ 
value of concrete normally have a relatively low scatter from the designed values; 
hence 10% was used in the model updating process. Since the shell thickness has a 
relatively high k for this particular case study a scatter value of 30% was used in this 
study. The scatter values chosen for each tuning parameter is listed in Table 5-2. In 
order to compare the results with the previous study conducted by the authors without 
considering the measurement uncertainties and confidence levels of tuning parameters, 
the same upper/lower bounds (tabulated in Table 5-2) for the model tuning parameters 
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and the stopping criterion for the model updating algorithm have been used in the 
presented case study. The stopping criteria set for the model updating algorithm are as 
follows; 
• Minimum residue value  - 0.1% 
• Minimum  improvement between two consecutive iterations – 0.01% 
• Maximum number of iterations – 100 
Table 5-2 Parameters selected for the model updating and the implemented limits 




Young’s Modulus (E)  20% -15% +15% 
Mass Density (ρ)  10% -15% +15% 
Cross Sectional Area (AX) 10% -15% +15% 
Torsional Siffness (IX) 10% -15% +15% 
Bending Moment of Inertia about 
Y (IY) 
10% -15% +15% 
Bending Moment of Inertia about 
Z (IZ) 
10% -15% +15% 
Shell Thickness (H) 30% -30% +30% 
 
5.3.2 Model Updating Results 
In the model updating procedure to minimise the weighted error RE , and hence to 
improve the response prediction of the model, the following correlation function ( fC ) 
is used as the optimization algorithm which includes the weighted relative difference 
between natural frequencies and average MAC values, as reflected in the following 
equation. 
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Equation 5-8                                                    
 
 
N  is the total number of target responses (frequencies/MAC responses) considered; 
iΔf  and if  are the frequency error and target frequency respectively; and iMAC  
corresponds to the MAC values of each mode shape pair. 
The automated model updating procedure stopped after 33 iterations due to the 
minimum improvement between two consecutive improvements dropped below the 
set-up value of 0.01%.  Table 5-3 summarizes the OMA frequencies and the FE model 
frequencies both before and after updating for the first five natural modes. The results 
of the previous work conducted without considering the k for the responses and tuning 
parameters (Kodikara et al., 2016)(Kodikara et al., 2016) are also included in the table 
for comparison purposes. The results clearly show a significant improvement in the 
natural frequency of the first mode in comparison to the previous case study with the 
error reduced from -4.62% to -1.83% by including measurement uncertainties in the 
model updating process. The frequency of the second mode shows notable a decline 
compared to the previous study while for the other three modes the results  are in the 
same region for both studies since the error is relatively low  (less than 0.5%) in all 
those cases. These results are in-line with the measurement uncertainties presented in 
section 5.3.1 where the first mode has the highest confidence which governed the 
model updating process and the second mode has the lowest confidence and less 
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Table 5-3 Natural Frequencies of the updated models of P block- with and without 
response and parameter uncertainties 
No OMA 
Frequen. 
Initial FE model Updated FE model 
  
Updated FE model 
  Frequen. Error Frequen. Error Frequen. Error 
1 1.147 Hz 0.990 Hz -13.69% 1.126 Hz -1.83% 1.094 Hz -4.62% 
2 1.544 Hz 1.452 Hz -5.96% 1.521 Hz -1.49% 1.555 Hz 0.71% 
3 1.653 Hz 1.678 Hz 1.51% 1.650 Hz -0.18% 1.657 Hz 0.24% 
4 3.989 Hz 3.680 Hz -7.75% 3.977 Hz -0.30% 3.988 Hz -0.03% 
5 4.254 Hz 4.972 Hz 16.88% 4.251 Hz -0.07% 4.258 Hz 0.09% 
 
For the comparison of the results, Table 5-4 presents the MAC values of the associated 
mode shapes with OMA results of the first five modes for the initial FE model, present 
case study in this research and the previous case study. The results of the present study 
show an improvement in the results of 1st mode, 3rd mode, and 4th mode and weaken 
the results of 2nd mode and 5th mode, in comparison to the MAC values of the previous 
study. Similar to the updated frequencies, results are compatible with the uncertainties 
in the measured responses, where the mode shape pairs with low k values (mode 1 
and mode 4) show noticeable improvement while the mode shape pairs with high 
scatter values (mode 2 and mode 3) are less prioritized in the model updating process 
and resulted in lower MAC values. Hence, the MAC values of the present case study 
reflect better the behaviour of the actual structure compared to the previous study, 
where there was no meaningful way to relate the improvements in the MAC values.  
A graphical comparison of the mode shapes of updated FE model and OMA results 
for the associated mode shapes of first five modes is shown in Figure 5-2. 
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Updated model – 
Present study 
Updated model – 
Previous study 
1 89.9% 92.8% 88.6% 
2 50.5% 66.8% 89.4% 
3 42.5% 68.9% 62.7% 
4 63.2% 83.9% 62.6% 
5 68.4% 76.7% 84.4% 
 
Table 5-5 summarizes the maximum and minimum parameter changes after the model 
updating for the present case study and the previous case study conducted by the 
authors without incorporating the confidence levels of the tuning parameters and 
measured response uncertainties in the model updating process. The Young’s modulus 
and the shell thickness are assigned with relatively high scatter values (20% and 30% 
respectively) compared to other tuning parameters and it is reflected in the parameter 
changes where the maximum/minimum allowable limits are achieved for both the 
aforementioned tuning parameters in the present case study. Even-though the same 
boundary limits are used for the other tuning parameters, these parameters achieved 
much less variation from the original values since these parameters are identified as 
high-confidence tuning parameters in the model updating process. In contrast, in the 
previous model updating study conducted, there was no meaningful way to relate the 
parameter changes with their confidence levels although the parameter variation is 
limited by implementing upper/lower bounds to make the parameter changes 
physically realisable and meaningful. In both the studies a higher variation limit was 
adopted to the shell thickness to account for the simplifying assumptions made in the 
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development of initial FE models. Since it was impossible to model the actual variation 
of the slab thicknesses, average values has been used in most of the occasions and in 
some areas actual thickness variation was 30% from the values used in the initial FE 
model. 
Table 5-5 Parameter changes of the updated models for the present study and 
previous study 









E +15 -15 +15 -15 
ρ +10.11 -11.23 +15 -15 
AX +9.72 -8.78 +8.34 -9.61 
IX +5.63 -5.11 +1.31 -1.51 
IY +8.56 -9.72 +14.3 -15 
IZ +7.80 -4.62 +10.7 -4.35 
H +30 -30 +30 -30 
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Figure 5-2 Correlated mode shape pairs of the updated FE model and OMA modes of 
P block 
5.4 SUMMARY 
This chapter presented the development of a hybrid model updating procedure to 
incorporate the different degrees of uncertainty in the measured responses and diverse 
confidence levels of tuning parameters in the deterministic sensitivity-based 
automated model updating procedures. This developed method successfully 
incorporates uncertainty within the sensitivity based deterministic model updating 
methodology. Hence, the developed hybrid method which can be considered as a 
mixed deterministic and probabilistic approach, consists of benefits from both 
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probabilistic and deterministic approaches.  Uncertainty in the measured responses and 
confidence levels of the tuning parameters were included as statistical scatter (k) in 
the hybrid model updating procedure. The comparison of the results of the application 
of the hybrid approach for P block building with those from the previous model 
updating study on the P block using conventional model updating procedures 
(presented in chapter 4), demonstrated the efficacy of incorporating these k values in 
the model updating process to obtain updated FE models that represents the true 
behaviour of the real structure where the dynamic responses with high confidence were 
prioritized where as low confidence responses were less prioritized in the hybrid model 
updating. The results showed significant improvement in the responses of the updated 
model which has low level of uncertainty in the measured data (natural frequency of 
mode 1, MAC value of mode shape pair 4) and weaken the results of the responses 
with higher degree of uncertainty (natural frequency and MAC values of mode 2) 
compared to the previous study, which ensure the updated FE model is more 
meaningful in predicting the dynamic behaviour of the actual structure. In addition, 
inclusion of the k values for the tuning parameters based on different confidence levels 
provides a more meaningful way to interpret the parameter changes in the automated 
model updating process.  
The following chapter will describe the development of a methodology to assess the 
deterioration of building structures based on the hybrid model updating procedure 
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Chapter 6: Structural Deterioration 
Evaluation of Buildings through 
Hybrid Model Updating 
This chapter presents the development of a deterioration assessment methodology   for 
reinforced concrete (RC) building structures (equipped with sensor systems to obtain 
dynamic characteristics in a continuous manner) under serviceability mechanical 
loading conditions based on the hybrid model updating approach presented in chapter 
5. The chapter starts with a background highlighting the importance of developing 
deterioration assessment methodologies in section 6.1. The deterioration assessment 
methodology developed is presented in section 6.2. The effectiveness of the 
established methodology is investigated through the measured data obtained from the 
P block structure in section 6.3.  Section 6.4 provides the results and discussion, section 
6.5 summarize the findings.  
6.1 BACKGROUND 
As mentioned in the previous chapters (Chapter 1 and chapter 2) all the infrastructure 
systems are vulnerable to deterioration due to various reasons such as cracking, 
aggressive chemical attacks and other physical damage mechanisms  (Ellingwood, 
2005). In the long-term, these phenomena can cause detrimental effects to the 
structures and lead to failure in structural performance under serviceability mechanical 
loading conditions and/or extreme events such as natural disasters (earthquakes, 
cyclones) and man-made hazards (blasts, vehicle collisions). Hence, it is important to 
establish procedures to assess the deterioration of the structures over the serviceable 
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life to facilitate the maintenance and/or rehabilitation planning processes in the modern 
society that encourage sustainable development  (Biondini & Frangopol, 2016). As 
demonstrated in chapter 2, most deterioration assessment methods developed in the 
past were based on probabilistic approaches which require maintaining a database of 
deterioration mechanisms which often found to be an expensive and onerous task. In 
addition, most of the deterioration assessment methods developed in the past were for 
bridge structures and lack of studies were available for building structures. Further, 
since the existing methods rely on history of deterioration mechanisms of the structure, 
the methods cannot be readily applied for newly built constructed systems. Hence, it 
is important to develop simple computationally efficient methods for deterioration 
assessment of real building structures which do not rely on previous deterioration 
mechanisms of the structure and that can be directly utilized in newly built 
infrastructure systems. The following section proposed a novel deterioration 
assessment methodology for real RC building structures equipped with continuous 
SHM systems operating under serviceability mechanical loading conditions.   
6.2 DETERIORATION ASSESSMENT METHODOLOGY 
Expressing deterioration process in mathematical terms often found to be challenging 
and complex mainly due to incomplete information about the deterioration 
mechanisms. However, for practical applications, effective models can be established 
by assuming progressive deterioration of materials and components  (Biondini & 
Frangopol, 2016). According to Biondini and Frangopol (2014), both corrosion in steel 
structures and crushing and cracking in concrete structures can be effectively 
represented by a progressive reduction of the cross section of the structural elements. 
In the present methodology, this concept will be further extended to be incorporated 
into hybrid model updating technique (presented in Chapter 5) to assess the 
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deterioration of RC building structures under serviceability mechanical loading 
conditions.  
As mentioned earlier, the main advantage of using the hybrid model updating 
technique over the conventional model updating systems is that it has the ability to 
incorporate the uncertainties in the test data and to define the confidence levels of the 
tuning parameters  (Kodikara et al., 2016 ) which can be utilised in the deterioration 
assessment process. In the proposed deterioration assessment methodology, natural 
frequencies of the first few global modes were used as the indicator for the 
deterioration of the structure and reduction of the cross section of structural elements 
were used to represent the deterioration of the structure.  
First, two samples (a sample at the early stage of the post-construction period and a 
sample from the present period) that comprise data-sets of natural frequencies were 
acquired from the continuous monitoring system to represent the initial state of the 
structure and current state of the structure. When selecting the data-sets it is important 
to consider a sufficient period of time (e.g. one year or at least several months) and to 
choose data-sets from all the time periods of the day to account for any possible mass 
and environmental variations for the period under consideration. Then the two samples 
are statistically analysed to obtain the uncertainty of the measured natural frequencies 
to incorporate in the deterioration assessment. Similar to the hybrid model updating 
study presented in chapter 5, statistical analysis of the samples is carried out based on 
commonly used statistical parameters such as mean, standard deviation and statistical 
scatter (coefficient of variation).  
Then, an initial FE model is developed based on as-built drawings incorporating 
sufficient detailing and utilising appropriate structural conceptualization to use in the 
model updating. The next phase is to update the developed initial FE model through 
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hybrid model updating techniques using uncertain sensitive parameters identified 
through sensitivity analysis to represent the initial state of the structure utilizing the 
response sample obtained to represent the initial state of the structure. Similar to the 
previous chapters, since the chosen parameters for the sensitivity analysis are of 
different types normalized relative sensitivities are utilised for the sensitivity analysis. 
Then the model updating is carried out to obtain the updated model to represent the 
initial state using the hybrid approach presented in Chapter 5 which includes the use 
of weighting coefficients on both the tuning parameters and measured responses to 
account for the uncertainty. Further, it is important to consider possible damage 
conditions in the structure that can occur prior to the development of the updated model 
to represent the initial state of the structure. In that kind of scenario any possible pre-
existing damage (identified through vibration-based damage identification methods) 
will be incorporated into the model updating process. The details of the hybrid model 
updating algorithm and a logical explanation of the weighting matrices used in the 
hybrid updating algorithm are presented in section 5.1 in Chapter 5 of the thesis.  
Once the updated model is obtained to represent the initial state of the actual structure, 
loads are assigned to simulate the serviceability mechanical loading conditions and 
identify the vulnerable elements to cracking under these loading conditions. For the 
serviceability mechanical loadings, serviceability wind loads, dead loads and live loads 
were included in combination according to the AS 1170.0 NZS (2002). The 
serviceability wind loads were calculated according to the AS NZS 1170.2 (2002). 
Further, according to AS 1170.0 NZS (2002) a partial factor of 0.6 for live loads have 
been used in deriving the serviceability mechanical loading conditions since the 
structure is not fully occupied during the entire service period of the structure.   In 
order to identify the structural elements that are likely to undergo cracking in this 
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study, modulus of rupture value of concrete is calculated for each structural element 
under simulated loading conditions. According to ACI (2008) if a structural element 
is subjected to a stress exceeding the modulus of rupture of concrete that particular 
element will crack under the applied load conditions. Based on ACI (2008) equation 
9, modulus of rupture is calculated using the equation below; 
'
cr f5.7f ×=                                                                                                 Equation 6-1                                                                                                                             
Where rf  is the modulus of rupture and 'cf  is the compressive strength of concrete 
both in psi.  
In order to effectively employ the hybrid model updating technique in the deterioration 
assessment process, it is crucial to appropriately define the scatter values for both test 
data and tuning parameters. Similar to the model updating of the initial state of the 
structure, scatter values for the test data is derived from statistical analysis of a sample 
comprises of data-sets gathered over a sufficient period of time. The confidence values 
of the tuning parameters (selected based on the stresses that exceeded the modulus of 
rupture value of concrete) are derived from the principle that the elements subjected 
to higher stresses are most likely to undergo cracking and hence, the selected structural 
elements with higher stresses have low confidence values. These parameters are 
assigned with high scatter values which allow them to change with more freedom in 
the updating process. Similarly, the elements with low-stress values which are less 
prone to undergo cracking due to the simulated loading conditions were assigned with 
low scatter values to keep the parameter change to a minimum. Hence, the scatter value 
for the cross section area of a particular element (wall, floor slab or column) has been 
used as the maximum stress it has been subjected to under the simulated mechanical 
loading conditions.  
The stresses of the elements are calculated using the following formula;  













σ −−=                                                                             Equation 6-2                                                                                                                                              
P is the axial force and M2 and M3 are the bending moments in two orthogonal 
directions. A is the cross-sectional area and i22 and i33 are the moment of inertia in two 
orthogonal directions whilst x2 and x3 are the coordinates of the point where the stress 
is calculated, measured from the centroid of the section  (CSI, 2010). 
Based on the stress distribution of the finite element model and modulus of rupture 
values, the structural elements that are subjected to cracking under serviceability 
mechanical loading conditions are identified and cross section of these elements are 
chosen as the tuning parameters and scatter values are assigned based on the stress 
values in the model updating procedure. The deterioration of the structure can be 
assessed by examining the cross section reduction in chosen structural elements. This 
procedure can be carried out periodically by repeating the steps at a particular time 
interval, e.g. 5 years or 10 years. Figure 6-1 below illustrates the methodology for 
deterioration assessment of a typical building structure adopted in this study. 
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Figure 6-1 Deterioration assessment process for a building structure using hybrid -
model updating technique 
The application of the proposed methodology for deterioration assessment of the 
benchmark 10 story building structure (P block) at QUT under serviceability 
mechanical loading conditions is presented in the below sections of the chapter.  
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6.3 APPLICATION ON QUEENSLAND UNIVERSITY OF TECHNOLOGY 
STRUCTURAL HEALTH MONITORING BUILDING 
6.3.1 Statistical Analysis of Test Samples and Initial Finite Element models 
Two samples were created by selecting data-sets for two different time periods, one 
immediately after the sensor system development to represent the initial state of the P 
block and the other from the latest available data-sets to depict the current state of the 
building.  To account for the variation of the live load component for the occupancy 
mass of the building and environmental effects, data-sets were chosen to cover a 
sufficient time period (approximately three months) ensuring the data-sets cover all 
the times of the day. Over the period of this study, the building has not deemed to be 
undergone any refurbishments which will subject to an increase/decrease in the 
occupancy mass. Hence, it is safe to assume that the dead weight component of the 
occupancy mass for the building is constant throughout the period under investigation. 
The data-sets for the initial state of the building are chosen from the months November 
2013 to February 2014, whilst data-sets from March 2016 to June 2016 were included 
in the sample that represents the current state. The mean values, standard deviations 
and scatter values of the natural frequencies of the first five global modes for the two 
samples are tabulated in Table 6-1 and the box plots diagrams for the first five modes 
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Table 6-1 Mean, Standard deviation and k value comparison of the two samples 
Mode Mean Standard Deviation Scatter Values 
 Initial Current Initial Current Initial Current 
1 1.150 1.140 0.005 0.005 0.473 0.440 
2 1.542 1.520 0.018 0.016 1.161 1.046 
3 1.660 1.652 0.005 0.007 0.330 0.439 
4 3.989 3.933 0.015 0.019 0.371 0.494 
5 4.268 4.244 0.021 0.014 0.491 0.319 
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Figure 6-2 Box-plot diagrams comparison for initial state sample vs current state 
sample 
By analysing the statistical parameters in Table 6-1 and Figure 6-2, a clear reduction 
can be seen in the natural frequencies for the first five global modes for the current 
state compared to the initial state (Mean values in the table and redline in the boxplot 
diagram). Hence, this reduction in natural frequency is exploited in the structural 
deterioration assessment of the building through hybrid model updating techniques in 
the following sections of the Chapter.  
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The next step is to develop initial FE models and it is important to include appropriate 
detailing and choose feasible conceptualization techniques since the level of structural 
detailing and/or structural conceptualization (such as fixities of structural elements) of 
the initial FE model might have a considerable effect on the outcome of the sensitivity 
based automated model updating  (Brownjohn, et al., 2000) and hence affect the 
deterioration assessment. The sufficiently detailed and appropriately conceptualized 
initial FE model presented in chapter 3 of the thesis is utilized in this chapter in the 
context of structural deterioration assessment. Hence for the details of the development 
of initial FE model considering the aforementioned phenomena refer to chapter 3 of 
the thesis.  
The natural frequencies of the first six lateral modes were used for the correlation 
analysis and the results for the selected initial FE model are tabulated in Table 6-2.  
Table 6-2 Comparison of natural frequencies for the selected initial FE model against 
OMA results 




1 1st translational – X 
direction 
0.990 Hz 1.147 Hz -13.69% 
2 1st translational – Y 
direction 
1.452 Hz 1.544 Hz -5.96% 
3 1st torsional 1.678 Hz 1.653 Hz 1.51% 
4 2nd translational – X 
direction 
3.680 Hz 3.989 Hz -7.75% 
5 2nd torsional 4.972 Hz 4.254 Hz 16.88% 
6 2ndtranslational – Y 
direction 
5.220 Hz 4.912 Hz 6.27% 
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As illustrated in chapter 3 of the thesis, the developed initial FE model in this study 
shows good correlation with OMA in-terms of natural frequencies compared to the 
simple model used in the design stage. However, still the natural frequency error is 
substantial to use in the FE model to represent the actual structure, hence model 
updating need to be carried out to minimise the discrepancies to an acceptable limit.  
6.3.2 Hybrid Model Updating: Initial State of the Structure 
This section describes the model updating work carried out to reduce the error in 
natural frequencies of the developed initial FE model using hybrid model updating 
techniques in the initial state of the structure. The first part of the section explains the 
sensitivity analysis process carried out to identify the uncertain tuning parameters in 
the updating process and hybrid model updating procedure adopted in this study whilst 
latter part outlines the model updating results.  
Since only natural frequencies are used in the deterioration assessment process and 
only the data for 6 modes of the real structure are available through OMA, the natural 
frequencies of the first five modes were used in the hybrid model updating process and 
natural frequency of the 6th mode is used to validate the updated model.  To choose the 
appropriate tuning parameters which are uncertain in the FE model, in order to 
facilitate physically meaningful updated parameters yet most sensitive to the selected 
parameters, a sensitivity analysis is carried out prior to the model updating process. 
Normalized sensitivity analysis is utilized in this study since the tuning parameters are 
of different order and magnitude. 
The uncertain parameters in the FE model that can be systematically coped in an 
automatic model updating process were used in the sensitivity analysis.  The uncertain 
parameters included in the sensitivity analysis are Young’s modulus and mass density 
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of all local elements (9400 local elements each), cross-sectional area, torsional 
stiffness, bending moment of inertia about Y direction and Z direction of all columns 
(1400 local elements each) and shell thickness of floor slabs (5680 local elements). 
Hence, the total parameter space used for the sensitivity analysis was 30080 local 
parameters. The outcome of the sensitivity analysis revealed that the highest sensitive 
parameter for all the target responses is the shell thickness of floor slabs and Young’s 
modulus of concrete, hence chosen as the updating parameter to obtain the FE model 
to represent the initial state. Once the tuning parameters are selected, it is the common 
practice to group and define upper/lower bounds for the selected parameters to make 
the model updating more realistic and meaningful. However, in this study the 
parameter sets were defined only for Young’s modulus (E)  of concrete, because as 
stated earlier, average slab thicknesses are used in the initial FE model and slab 
thicknesses vary significantly in small portions in the actual structure, not defining 
parameter sets for shell thickness is justifiable  (Kodikara, et al., 2016) For the E value 
of concrete, parameter sets were defined based on individual columns (for frame 
elements) and individual walls and slabs in each level (for shell elements). Further, 
10% change from the original value has been used as the upper/lower bound for the E 
value of concrete and a 30% value has been used for slab thickness that has a higher 
uncertainty in the initial FE model.  
Then the model updating is carried out using hybrid approach utilizing the scatter 
values to represent the uncertainty in test data and confidence values in tuning 
parameters. The k values for the test data obtained through statistical analysis of data-
sets are presented in the section 6.3.1. The values corresponding to the initial state 
were used in the process of developing updated models for the initial state of the 
building. Since there is no actual testing data available for the derivation of k values 
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for the tuning parameters, these values have been estimated based on the engineering 
judgement. For example, according to Australian standard for concrete structures  
(Australian Standard, 2001), the E value of concrete can have a k up to 20% from the 
design values, hence 20% value was chosen as the scatter for the tuning parameter E 
value of concrete. Since the shell thickness has a relatively high scatter for this 
particular case study a scatter value of 30% was used in this study.  
The correlation function ( fC ), Weighted relative difference between natural 
frequencies is used as the optimization algorithm to minimize the weighted error RE
and hence to improve the response prediction of the FE model.  
 
                                 Equation 6-3                                                                                                                                              
 
 
N  is the total number of target responses (natural frequencies) considered; iΔf  and if  
are the frequency error and target frequency respectively. The stopping criteria set for 
the optimization algorithm are as follows; 
• Minimum residue value - 0.1% 
• Minimum improvement between two consecutive iterations – 0.01% 
• Maximum number of iterations – 100 
The established minimum residue value of 0.1% was achieved after 16 iterations. As 
stated earlier, only the natural frequencies of the first five global modes were selected 
as the target responses and natural frequency of the sixth mode is used to check the 
prediction ability of the updated FE model beyond the active frequency range. Table 
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after updating process for the first six global modes.  The results clearly show a 
significant improvement in the natural frequencies, specially in the active frequency 
range where the maximum error has reduced to 0.19%. The natural frequency of the 
sixth mode which was in the passive range and used to validate the updated model also 
shows good improvement with a reduction in the error from 6.27% to 1.05% which 
enhanced the reliability of the updated model.  
Table 6-3 Comparison of the natural frequencies of the initial model and updated 





Initial FE model Updated FE model –
  Frequency Error Frequency Error 
1 1.147 Hz 0.990 Hz -13.69% 1.146 Hz -0.09% 
2 1.544 Hz 1.452 Hz -5.96% 1.547 Hz 0.19% 
3 1.653 Hz 1.678 Hz 1.51% 1.654 Hz 0.06% 
4 3.989 Hz 3.680 Hz -7.75% 3.985 Hz -0.10% 
5 4.254 Hz 4.972 Hz 16.88% 4.254 Hz 0.00% 
6 4.912 Hz 5.220 Hz 6.27% 4.964 Hz 1.05% 
 
The above updated model utilising the test data sample obtained during the early stage 
of the sensor development (just after the construction) has been used to represent the 
initial state of the structure. The following section describes the deterioration 
assessment process utilising the updated model in this section, hybrid model updating 
technique, test data sample obtained recently and using tuning parameters to express 
deterioration of the structure.  
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6.3.3 Hybrid Model Updating: Current State of the Structure & Deterioration 
Assessment 
This section of the chapter presents the identification of structural elements that are 
subjected to cracking under serviceability mechanical loading conditions and the 
hybrid model updating carried out to obtain the FE model to represent the current state 
of the structure using cross section area of the identified structural elements with 
appropriate scatter values derived based on stress values of individual structural 
elements.  
To determine the structural elements that will undergo cracking, investigations were 
carried out on the initial state FE model by simulating serviceability mechanical 
loading conditions such as dead loads and live loads ( based on the design drawings) 
and wind loads based on the Australian/New Zealand  code for wind actions  (AS NZS 
1170.2, 2002) since the structure is located in Brisbane Australia. Similar to the initial 
state model updating, scatter values for the test data were obtained from statistical 
analysis of a data-set sample (Section 6.3) whilst the scatter values for the tuning 
parameters (cross section area) are the corresponding stress values of the structural 
elements. The stress distribution of the shell elements and columns under serviceability 
mechanical loading conditions are illustrated in Figure 6-3 and Figure 6-4 respectively; 
Based on the stress distribution of the finite element model and modulus of rupture 
values, the structural elements that are subjected to cracking under serviceability 
mechanical loading conditions are identified (397 column elements, 498 wall elements 
and 226 slab elements) and cross section are of these elements are chosen as the tuning 
parameter in the model updating procedure.  Confidence values for the chosen 
structural elements are assigned based on the stress values and upper bound of the 
tuning parameter is set to 0% since the deterioration process is represented as a 
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reduction in the cross section area.  Further, since the structure is relatively new and 
there are no visible cracks the deterioration of the structure is small and to account for 




Figure 6-3 Stress distributions of shell elements (kN/m2) 
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Figure 6-4 Stress distributions of columns  
The same stopping criteria used in the model updating process for the initial state was 
used in the current state updating and the updating process has stopped after 47 
iterations due to the minimum improvement between two consecutive iterations fallen 
below the set-up value of 0.01%. Similar to the earlier case, only the natural 
frequencies of first five modes were selected in the model updating process and the 
sixth mode was used to validate the updated model. OMA frequencies and the FE 
model frequencies both before and after the model updating process for the first six 
natural modes are tabulated in Table 6-4. The model updating results show a good 
agreement with the OMA frequencies for the current state with a maximum error in 
the frequency for active range dropped down to 0.20% and the validity of the updated 
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model is proven by the good agreement of the natural frequency of the sixth mode 
which was in the passive range.  
Table 6-4 Comparison of the natural frequencies of the initial model and updated 







Updated FE model – 
  
Updated FE model –
  Frequency Error Frequency Error 
1 1.139 1.146 Hz 0.61% 1.138 Hz -0.09% 
2 1.528 1.547 Hz 1.24% 1.531 Hz 0.20% 
3 1.650 1.654 Hz 0.24% 1.649 Hz -0.06% 
4 3.933 3.985 Hz 1.3% 3.935 Hz -0.05% 
5 4.243 4.254 Hz 0.26% 4.242 Hz -0.02% 
6 4.818 Hz 4.964 Hz 3.03% 4.835 Hz 0.35% 
 
6.4 RESULTS AND DISCUSSION 
A novel methodology for deterioration assessment of real world building structures 
under serviceability loading conditions is established and successfully applied for a 10 
storey building structure equipped with continuous monitoring system. It is beneficial 
to emphasize the importance of this study as it is likely that the process will increase 
in popularity for real world applications in near future.  
• The proposed methodology is simple and computationally efficient and hence can 
be implemented in real structure applications for deterioration assessment as 
opposed to many probabilistic approaches which are often found to be complex 
and computationally costly methods 
• The existing probabilistic deterioration assessment methodologies rely on previous 
deterioration mechanisms of the structure and hence cannot be readily applied to 
 140 Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 
newly built structures. The proposed deterioration assessment methodology in this 
research does not rely on previous deterioration assessment data of the structure 
and hence can be readily applied for newly built structures with continuous 
monitoring systems   
• The model updating approach used in this study is deterministic which has a single 
outcome as the updated FE model and hence can be used to assess the structural 
performance in number of ways, such as; 
o System ductility - ratio of ultimate displacement at collapse to the 
corresponding displacement at failure 
o Structural redundancy- the ability of the system to redistribute among its 
members the loading that can no longer be carried out by the damaged 
members 
o Structural robustness - ability of a structure to suffer an amount of damage 
without collapse 
o Resilience of the structure -capability of a structure to withstand extreme 
events  
• In real world applications for condition assessment, most approaches utilize 
single model updating work coupled with occasional vibrational tests to 
identify the dynamic characteristics. However, the outcome of this study 
highlighted the benefit of having a continuous monitoring system combined 
with a hybrid model updating approach to investigate the progressive 
deterioration of real structures which will be helpful in increasing the 
confidence of condition assessment of civil structures. 
Since the structure under investigation is relatively new, only the deterioration due to 
serviceability mechanical loading conditions was considered in the proposed 
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deterioration assessment methodology. However, in the long-run, degradation due to 
chemical attacks, random actions (such as earthquakes) and any possible variation in 
the dead weight component of the occupancy mass should be taken into account in the 
deterioration assessment process.   
6.5 SUMMARY 
A novel methodology for deterioration assessment of RC building structures under 
serviceability mechanical loading conditions based on a hybrid sensitivity based model 
updating technique that incorporates uncertainty in the measured data and confidence 
levels of tuning parameters has been presented in this chapter. The established 
methodology was successfully identified the deterioration of the 10 story benchmark 
structure (P block), which is relatively a new structure equipped with a continuous 
monitoring system. The study showed that the established methodology is a simple 
and time-efficient alternative deterministic approach that can be readily applied for 
new structures with continuous monitoring systems compared to the commonly 
available probabilistic deterioration assessment processes which are dependent on 
previous deterioration mechanism data and hence cannot explicitly utilize in newly 
built structures. The proposed methodology can be further developed by incorporating 
degradation due to chemical attacks which have an effect on the deterioration of 
concrete structures in the long-term.  
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Chapter 7: Conclusions 
7.1 SUMMARY 
 
This research has developed comprehensive deterministic sensitivity based model 
updating systems for real structures including a hybrid approach that incorporates 
different degrees of uncertainty in measured data and confidence levels of tuning 
parameters. Based upon the developed hybrid approach this research further developed 
a methodology to assess the deterioration of RC building structures under 
serviceability mechanical loading conditions. The research study was progressed in 
three main phases. The first phase of the research developed comprehensive 
deterministic model updating procedures for RC building structures and sub-structures 
within a main structural system which were considered to be inflexible structures. 
Based upon the developed procedures it addressed some of the consequences of 
applying the sensitivity based model updating techniques for inflexible structures 
which haven’t been explicitly addressed in the past; such as having sufficiently 
detailed initial FE models of complex medium-rise buildings in automated model 
updating and how boundary limits and parameter groups based on element types can 
be defined for tuning parameters for such types of building structures in order to 
maintain the physical relevance of the updated FE model. Further, it studied the 
importance of taking into account the external structural components (located in the 
vicinity of the supports of the structure under consideration) in obtaining dynamic 
characteristics of the real structure. 
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The second phase of the research presented a development of a hybrid automated 
model updating procedure for real civil engineering structures by incorporating the 
actual uncertainties in the measured responses and appropriately selected confidence 
levels for tuning parameters to the sensitivity-based automated model updating of real 
structures. This demonstrated the need for developing methods to incorporate 
measures to account for the different degrees of uncertainties in the measured data and 
confidence levels of tuning parameters in deterministic model updating techniques. To 
illustrate the importance of the developed hybrid model updating approach in 
obtaining more realistic updated models, the model updating results were compared 
with those from phase I model updating results. 
Finally, a methodology to assess deterioration of RC building structures under 
serviceability mechanical loading conditions based on the developed hybrid model 
updating approach in phase II is presented in the III phase of the research. The 
effectiveness of the established methodology is investigated through the benchmark 
10 story building structure at QUT which is utilized for the validation of phase I and 
phase II of research developments. The following section highlights the main findings 
and research contributions of these three phases of the research.  
 
7.2 MAIN FINDINGS OF RESEARCH 
 
 A comprehensive deterministic model updating procedure based on sensitivity 
analysis for real structures was developed. It was found that developing sufficiently 
detailed initial FE models and appropriate structural conceptualizations is essential 
for effective sensitivity based model updating of building structures with medium 
rise characteristics which are often associated with complex structural details and 
boundary conditions 
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 The study showed that the utilization parametric study based approach to 
determine optimum boundary limits for tuning parameters and defining parameters 
sets based on the element types for medium-rise building structures is effective in 
obtaining the most optimum updated model and maintaining the physical relevance 
of the updated FE model 
 The manual model updating study showed the importance of taking into account 
the external structural components (located in the vicinity of the support of the 
structure under consideration) for obtaining the dynamic characteristics of the real 
structure  
 A hybrid model updating procedure was developed to account for the different 
degrees of uncertainties in the measured responses and different confidence levels 
of tuning parameters which has the benefits of both deterministic approaches (such 
as simplicity/computationally efficiency) and probabilistic methods (ability to 
incorporate the uncertainties in the updating process). Further, since the hybrid 
method produces a single updated model at the end of the updating process, the 
model can be utilized in scenario simulations and future predictions 
 A comparison of model updating results of the hybrid model updating and 
conventional model updating methods showed that hybrid approach facilitates the 
development of updated models that represents the actual structure in a better way 
compared to the conventional deterministic model updating methods. This 
phenomenon is highlighted by the significant improvement in the responses of the 
updated model with low uncertainty compared to the responses with high 
uncertainty. Further, the hybrid approach provides a more meaningful way to 
interpret the tuning parameter changes in the updating process; because the tuning 
parameters with high confidence values achieved minimum variation whilst low 
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confidence parameters achieved the maximum variations allowed even though the 
same boundary limits were assigned to all the parameters 
 Finally, a deterioration assessment methodology for RC building structures under 
serviceability mechanical loading conditions was developed based on the hybrid 
model updating approach. The developed deterioration assessment has several 
benefits; (1) Simplicity and computational efficiency, (2) Independent from 
previous deterioration mechanisms and hence (3) can be applied to newly built 
structures with continuous monitoring systems, as opposed to the existing 
deterioration assessment methodologies which are based on probabilistic 
approaches and found to be complex and computationally costly methods that rely 
on previous deterioration mechanisms and hence cannot be readily applied for 
newly built structures. The developed methodology was utilized in deterioration 
assessment of the real building structure (a new structure) equipped with 
continuous monitoring systems. 
With the above validated developments and enhancements, the developed 
deterministic sensitivity based model updating procedures can be effectively applied 
to real structures to obtain more physically realisable and meaningful updated FE 
models. The generated new knowledge in the deterministic sensitivity based model 
updating in the phase I of the research can be beneficial for future applicants in many 
ways; (1) Guidelines provided in developing initial FE models with sufficient detailing 
and appropriate structural conceptualizations, (2) Efficacy of using parametric studies 
to identify optimum boundary limits for certain parameters and (3) Importance of 
considering the adjacent structures in the vicinity of the structure in model updating. 
Further, development of the hybrid approach provides the advantages of both 
deterministic methods such as, (1) simplicity and computational efficiency; (2) 
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produce a single FE model which can be utilized in applications and Bayesian methods 
to incorporate the uncertainties in the model updating process. Development of the 
deterioration assessment methodologies for RC building structures under 
serviceability mechanical loading conditions in the third phase of the research will 
provide efficient means to assess the deterioration of real buildings equipped with 
continuous monitoring data. Since the deterioration assessment of newly built 
structures is a becoming popular research area, above mentioned developments will 
gain popularity since the method is straightforward, less complex compared to the 
existing methodologies for deterioration assessment.   
7.3 RECOMMENDATIONS FOR FUTURE RESEARCH 
Although the present research program has carried out extensive research 
investigations on deterministic sensitivity based model updating and deterioration 
assessment of real structures, to further improve these developments additional 
research may be extended based on the achievements in the present research. 
Recommendations for future research include the following. 
• Utilization of experimental data to obtain boundary limits and/or confidence 
values for tuning parameters in the proposed sensitivity based model 
updating approaches: In this research, confidence levels and/or boundary 
limits of some of the tuning parameters were derived based on the 
engineering judgement and/or referring to the relevant codes of practice. 
However, there are non-destructive tests available to determine the actual 
values of properties such as compression test of cores and ultrasonic pulse 
velocity to determine Young’s modulus of concrete. Hence, it is 
recommended the utilization of such experimental data for deriving 
  
Structural Health Monitoring through Advanced Model Updating Incorporating Uncertainties 147
boundary limits and confidence values of tuning parameters in the future to 
enhance the validity of the model updating results 
• Inclusion of degradation due to chemical attacks and sudden 
impacts/collisions in the deterioration assessment process:   The scope of 
the deterioration assessment methodology presented in this research is 
limited to the deterioration under serviceability mechanical loading 
conditions only and the deterioration processes of the concrete structures 
such as degradation due to chemical attacks and sudden impacts/collision 
are not accounted in this study. This may not have a great influence for fairly 
new structures such as the building under investigation, however in the long 
run the impact of these effects should be considered in the deterioration 
assessment process 
• Expand the developed deterioration assessment methodology for other types 
of structures: The deterioration assessment methodology presented in this 
research is for RC building structures. It is recommended to extend the 
development to other types of structures such as steel structures, bridges, 
towers etc. To extend the deterioration assessment methodology developed 
in this study, for other types of structures, it should be carefully investigating 
the types of loading conditions and deterioration assessment mechanisms 
for that particular structure.  For example, for concrete bridge structures the 
cracking of structural elements will be governed by the traffic loads 
compared to wind actions in the buildings, and for steel building structures 
corrosion of the structural elements may govern the deterioration of the 
structure. Hence, based on the type of the structure, type of the deterioration 
mechanisms and particular loading conditions should be established.  
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• Account occupancy mass change in the deterioration assessment: In the 
proposed methodology, it was assumed that the dead weight of the 
occupancy mass was constant from initial state to current state. However, in 
the long term, the effects of an occupancy mass change should take into 
account in the deterioration assessment process and hence it is worthwhile 
to maintain a load time history data base and incorporate in the model 
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